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This research seeks to characterise the GC amenable lipid component of soils as a 
means of discriminating between them based on subtle differences in the determined 
whole distributions. Furthermore, the use of models based on the results obtained, was 
explored as a means of potentially identifying soils of unknown origin, i.e. those that 
may constitute forensic evidence obtained as part of a criminal investigation. The work 
establishes a lipidomic workflow for characterising soils, three scenarios are 
considered: (1) soils from different geographical locations, (2) soils from the same 
location but under different land-use, and (3) peat samples dominated by two species 
of vegetation. The effect of seasonal change was also investigated. An analytical 
workflow was developed and comprised ultrasonic extraction and saponification 
yielding a total lipid extract. Accurate mass GC-MS was used to analyse extracts and 
the acquired data processed using Mass Hunter Profinder B.08 and Mass Profiler 
Professional. The results were assessed using principal component analysis (PCA) and 
hierarchical clustering analysis. An un-paired t-test and Kruskal-Wallis test were 
performed on each data set to select discriminant entities responsible for the observed 
clustering. Partial least square discriminant (PLSD) models were built to classify 
unknown samples. For (1) results revealed a distinct separation, based on land-use and 
vegetation, for the eight sites studied. Established biomarkers, e,g, dehydroabietic acid 
(DHAA) for pine (highest levels at the coniferous sites), were among the discriminant 
entities selected. For (2) this approach separated four close-proximity plots from 
Broadbalk long-term experiment based on the overlying vegetation arising from 
differing land-use (wooded, grazed, stubbed and winter wheat). Another long-term 
experiment, Park Grass, showed separation based on soil pH and species diversity 
where four clusters were observed from an extremely acidic plot (3.7), to a slightly 
acidic plot (5.7), control plots (5.9 and 6.9) and higher pH plots (6.5 to 6.9). Finally, 
(3) enabled discrimination between two peats dominated by sedge and Sphagnum. 
Artificial peat mixtures of sedge and Sphagnum were separated in accordance with 
origin along PC1 in the PCA. PLSD models gave 100 % correct prediction for both 
Broadbalk and peat samples showing the potential of this method for characterising 
soils of unknown provenance. Overall, this work demonstrates that lipidomics offers 
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analysis 
NMR Nuclear Magnetic Resonance 
NN Neural Networks 
NPP Net primary production 
OM Organic matter 
P Phosphorus 
PAHs Polycyclic aromatic hydrocarbons 
PC Principal component  
PCA Principal component analysis 
PLFA Phospholipid fatty acid 
PLS-DA Partial least square-discriminant analysis 
QC Quality control 
RF Royal Fort  
RT Retention time 
SEM Scanning electron microscopy 
SIMPER Similarity percentage 
SOM Soil organic matter 




SVM Support Vector Machine 
TIC Total ion chromatogram 
TLEs Total lipid extracts 
TMCS Trimethylchlorosilane 
TOC Total organic carbon 
TSLE Total simple lipid extract 
USDA United States Department of Agriculture 
















1.1 The use of soils in Forensic Science 
 
Forensic consideration of soil enables legal questions to be addressed and/or tests 
hypotheses through the analysis of its biological, chemical and physical properties. 
Natural variations, resulting from different geophysical and environmental factors, 
such as underlying geology, topography, climate, overlying vegetation as well as land-
use (past and present) result in unique characteristics for an individual soil. The 
complex nature of soil provides a diverse range of information useful for forensic 
purposes although conducting soil analyses can be a great challenge and is not always 
straightforward (Dawson and Hillier, 2010). Despite these challenges, soil from a 
crime scene, victim or associated with forensic artefacts has been extensively used as 
trace evidence in criminal cases because of its exclusivity, prevalence and 
transferability (Baron et al., 2011), potentially enabling a link to be made or a suspect 
to be eliminated from inquiries (Habtom et al., 2017; McCulloch et al., 2018). 
 
The basic concept of transferability as defined by the Locard Exchange Principle states 
that ‘when two surfaces come into physical contact there is a mutual exchange of trace 
evidence between them’ (Bull et al., 2006; Morgan and Bull, 2007). Therefore, 
investigators aim to identify soils that have been disturbed or carried away during or 
after a crime (resulting from human activity) in order to make a comparison with the 
natural soil or soil databases as an initial approach to locate a crime scene and 
investigate a suspect based on the soil found on their person (Fitzpatrick, 2009; 
Dawson and Hillier, 2010; Cheshire et al., 2017). There are two main approaches in 
determining the crime location: either finding a match with a known soil or by 
excluding potential sites to reduce a list of potential scenes of crime. In most cases, 
soil found on cloths, vehicles, footwear, digging tools and many other objects found 
at a crime scene serves as useful evidence (Bull et al., 2006; McCulloch et al., 2018). 
Currently, there is no single method which is perfect for all forensic cases with the 
ideal method of choice depending upon the question asked as well as the nature of the 
case (e.g. sample availability, transference effects and other technical factors) (Croft 




the choice of technique and remains a limiting factor in many forensic cases is the 
sample size. 
 
Ideally, a forensic soil investigation requires multi-disciplinary studies in order to 
obtain an accurate and robust result; the requirement for such an approach has been 
widely recognised (Croft and Pye, 2004; Guedes et al., 2011; Carvalho et al., 2014). 
The challenge in soil forensic analysis arises from the complex nature of soil with 
different techniques exhibiting both advantages and disadvantages. Primarily, soil 
analyses can involve both inorganic elements (e.g. mineral content, metal element 
composition) (e.g. Pye et al., 2007; Pye and Blott, 2009; Cheshire et al., 2017) and 
organic fractions (e.g. pollen, lipids, bacterial DNA) (e.g. Bastos and Magan, 2007; 
Carvalho et al., 2013; McCulloch et al., 2017) as well as the physical characteristics 
of a soil (e.g. colour, texture, particle size etc.). Apart from the analysis of physical 
properties regarded as a more mature approach applied to this field, inorganic analyses 
have been long recognized as a preferred method in the early development of soil 
forensic analysis. This is evident by the numbers of earlier publications utilising the 
physical and inorganic characteristics, in particular minerals and major and trace 
elements, for soil comparison (Croft and Pye, 2004; Pye et al., 2007; Pye and Blott, 
2009). However, the inorganic fraction varies at a regional scale, over a geological 
timescale based on a soil’s parent rocks (Dawson and Hillier, 2010; Carvalho et al., 
2014). To date, there have been many analytical techniques applied to the inorganic 
analysis of soil including XRD, SEM, ICP-MS (e.g. Cheshire et al., 2017), ICP-AES 
(e.g. Cheshire et al., 2017) and FTIR (e.g. Baron et al., 2011). In particular, these 
techniques were chosen as they suited the need rapid turnaround and whilst only 
requiring minimal amounts of sample. 
 
A study conducted by Croft and Pye in 2004 utilized multiple techniques to 
discriminate between soils for forensic purposes. Physical characteristics including 
colour, particle size and carbon and nitrogen stable isotope ratios inorganic chemical 
content were investigated to determine a match from a primary transfer of soil to 
footwear. The results of the four techniques applied revealed a good discrimination 
between different soils investigated, hence helpful in determining the match between 




the particle size can influence other characteristics such as colour and therefore, a 
consistent size measurement of the soil sample should be taken in order to obtain a 
more consistent result (Croft and Pye, 2004).  
 
Another study by Pye et al. (2007) investigated the effect of four different particle 
sizes (<150, 63–150, 20–63 and<20 mm) from 17 sediments collected along the River 
Avon using ICP-AES and ICP-MS. Forty-nine elements were measured using this 
techniques, revealing that the most informative fraction for providing informative data 
is the particle size of <150 mm which characterised both heavy and light elements in 
the soils with the lowest variation. It was also noticed that sites in closer proximity 
exhibited clustering among them compared to soils collected relatively further away 
(Pye et al., 2007). However, in a real forensic case, sample availability might be the 
major limitation for this type of analysis as it required fractionation of the sample to 
obtain the < 150 mm fraction, which further reduces the mass of sample available for 
the analysis. 
 
Baron et al. (2011) conducted a study utilising attenuated total reflection (ATR) 
spectroscopy, a technique not commonly used in forensic investigations, to 
discriminate soils under different land-use regimes including woodland, flowerbed and 
river bank. This technique was then combined with two chemometric approaches: a 
nonlinear iterative partial least squares followed by linear discriminant analysis 
(NIPALS-LDA) and partial least squares discriminant analysis (PLS-DA) to obtain a 
classification tool. All twelve soils collected from three different types of land use 
were then tested against this classification model. The results revealed better 
discriminating power using NIPALS-LDA to classify soils compared to PLS-DA 
(Baron et al., 2011).  
 
Although it is known that the relative distribution of inorganic elements is likely to be 
different over a regional scale, due to geographical nature of the parent rocks, Cheshire 
et al. (2017) recently reported the use of inorganic elements for the discrimination of 
soils of close proximity. Major and minor elements were analysed using ICP-AES, 
ICP-MS and XRF to discriminate soil from single and mixed sources. The primary 




However, mixed soils remain a challenge as none of the techniques or combinations 
of elements used were capable of discriminating between such mixtures soils with a 
higher level of complexity.  
 
Over the last decade, a slow shift towards the soil organic fraction as means of soil 
discrimination for forensic work has occurred. This is evident by the number of 
communications that reported on the use of organic components of soil in forensic 
studies. Organic components used include: palynological artefacts, soil 
microorganisms (e.g. PLFA studies), soil organic matter (e.g. plant wax markers). 
Unlike soil inorganic analyses, the analysis of organic components offers information 
derived at a more local scale from plants and soil communities (e.g. microorganisms 
and animals) (Dawson and Hillier, 2010; Carvalho et al., 2014). Moreover, recent 
developments in analytical instrumentation have enabled more sensitive analyses to be 
made of compounds at trace and ultra-trace concentrations. Among the organic 
approaches used, soil organic matter is one of the most popular components to 
characterise and has become the method of choice in many studies (Carvalho et al., 
2013, 2014). Several forensic studies which have focussed on the organic fraction of 
soil are as summarized in Table 1.1 below. 
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Despite specific advantages and drawbacks of each soil component used, the primary 
limitation in for soil geoforensics is that the amount of sample transferred in a real 
crime scenario, is often insufficient for a multiple analyses to be performed. Moreover, 
the degree of sample mixing can be different from case-to-case hence a robust method 
to enable successful and reliable discrimination of small soil samples in required. This 
is the challenge that this field of research currently faces and this work, through the 
characterisation of lipid compounds comprising a fraction of soil organic matter, 
endeavours to address.  
 
 Overview of Soil organic matter (SOM) 
 
Soil serves as an important reservoir for global carbon stocks (>2500 Pg) storing at 
least two to three times more carbon than in the atmosphere (750 Pg) and living 
biomass together (560 Pg) (van Bergen et al., 1998; Schmidt et al., 2011; Sulman et 
al., 2014; McCorkle et al., 2016). This large amount of carbon in soil comprises 
inorganic (e.g. carbonates) and organic carbon, derived predominantly from terrestrial 
vegetation, stored within rocks and as soil organic matter, respectively (Dungait et al., 
2012). Thus, soil acts as a nexus within the biogeochemical carbon cycle with SOM 
as a regulator for carbon exchanged between soil and the atmosphere as demonstrated 
in Figure 1.1. The importance of SOM, particularly in the buffering of ‘greenhouse’ 
gases as well as its role as a repository of carbon from natural and anthropogenic 
inputs, is well known and therefore factors that influence SOM pools have been 
extensively investigated (Smith, 2012). The role of SOM in regulating  the carbon 
cycle is essentially far more complex due to the indirect interdependency of various 
environmental factors, e.g. temperature and the soil microbial community (Saljnikov 





Figure 1.1: A schematic illustrating the placement of SOM in the carbon cycle. 
 
Previous research has suggested that changes in climatic factors (increased 
temperature and moisture) will result in a decrease in carbon in soil due to higher rates 
of decomposition but such losses can be counterbalanced by an increase in net primary 
production (NPP) hence total carbon loss is minimal (Six et al., 2002; Smith et al., 
2007; Smith et al., 2015). However, it should be noted that responses vary with 
different soil management practices (e.g. cropland and woodland) and soil type (e.g. 
mineral soil content) as the former determines the C input and the latter influences the 
microbial activity in the soil. Moreover, previous findings have suggested that an 
increase in carbon sequestration may help to reduce greenhouse gases, in particular 
CO2 (Dungait et al., 2012; Smith et al., 2015). Therefore, maintaining and 
understanding the factors that influence SOM stability in soil is a key step for 







 The sources and composition of SOM 
 
The bulk of SOM results from a slower decomposition of organic matter relative to 
the rate of input of organic material into soil with time (Paul, 2016). The SOM fraction 
accounts for about 1-6 % of the total soil mass with the remainder comprising 
inorganic materials, water and gases. SOM is primarily derived from both 
aboveground and belowground plant inputs as well as from soil animals and microbes 
(Kögel-Knabner, 2002). These include dead and decomposing plants, stems, twigs, 
roots, exudates, animals and microbial remains as well as their various transformation 
products (Rethemeyer et al., 2004; Dungait et al., 2012; Schaeffer et al., 2015). SOM 
constituents can be divided into several fractions: living organisms, fresh organic 
residues, decomposing organic matter and stabilized organic matter (Figure 1.2) 
(Saljnikov et al., 2013). These fractions possess different functionality and exhibit 
different mean residence times due to their different turn-over rates as detailed in 
Table 1.2. 
Table 1.2: SOM component and their residence time in soil. 
SOM 
type 
SOM composition Residence time 
(years) 
Major component 
Active Microbial biomass, 
Decomposable plant 
material 
1-2 Living biomass, 
particulate organic matter, 
polysaccharides 
 
Slow Resistant plant material 15-100 Lignified tissues, waxes, 
polyphenols 
 
Passive Humified organic 
matter, 
Inert organic matter 
500-5000 Humic substances, clay 








Figure 1.2: Composition of soil organic matter (Saljnikov et al., 2013) 
 
The pie chart above shows that living organisms, fresh residues and decomposing 
organic matter make up nearly half of the total SOM. These combined are called the 
labile fraction or ‘active’ fraction which exhibits relatively higher turn-over rates 
(Guimarães et al., 2013). The active fraction of SOM is largely derived from 
aboveground input, mainly plant litter, and is an important OM pool in the topsoil 
region.  It is also called the ‘metabolic’ pool comprising simple sugars and organic 
acids, proteins and carbohydrates (Dungait et al., 2012). The fast turnover of this pool 
results from active decomposition as it serves as a substrate, providing ‘food’ 
(nutrients and energy) for both plants and soil microbes (Saljnikov et al., 2013; 
Schaeffer et al., 2015). The remaining SOM is categorized as ‘stabilized’ OM and is 
composed of ‘protected’ SOM including humus. This stabilized SOM is also known 
as the passive fraction and it exhibits a longer residence time in soil due to several 
‘protection’ mechanisms either via physical protection, chemical stabilization and/or 
biochemical immobilization (Six et al., 2002; De Nobili et al., 2008; Li, 2015).  
 
Physical protection occurs when organic matter is occluded within macro and/or 
micro-aggregates resulting in reduced oxygen availability and accessibility to SOM 




stabilization confers protection to SOM via association between SOM and soil 
particles, particularly silt and clay or metal ions. This physico-chemical interaction 
between SOM and the surface of soil minerals correlates positively with particle size 
(Njira and Nabwami, 2013) where the finer fraction offers higher surface area for 
interaction hence the organic content, particularly lipids, is preferentially stored in this 
fraction (e.g. clay fraction) (Quenea et al., 2004). Finally, biochemical immobilization 
is the result of condensation between decomposition residues that leads to the 
formation of stabilized complex macromolecules that are more resistant to microbial 
attack (Six et al., 2002; De Nobili et al., 2008). This type of SOM stabilization is also 
known as humification (forming humic substances) and is reported to result in the 
largest and most persistent organic carbon pool of SOM with mean residence times 
up to 5000 years (Dungait et al., 2012). More detailed SOM stabilization mechanisms 
are summarized by Njira and Nabwami (2013) and described in Table 1.3. 
 
SOM characterizations have been conducted using pyrolysis (Derenne and Quènèa, 
2015) and/or 13C NMR spectroscopy and have revealed that the main chemically 
distinct constituents of SOM are lipids, simple sugars and polysaccharides, amino 
acids and proteins, (poly)phenols such as tannins, lignin, chitin, hydrolysable (cutin, 
suberin) and non-hydrolysable (cutan, suberan) biopolymers and aromatic compounds 
such as char (Kögel-Knabner, 2002). It has been reported that extractable lipids, 
particularly long chain aliphatic components, are abundant in humic substances 
suggesting their potential use to indicate changes in SOM input (Dinel et al., 1998). 
Lipids in soil can exist complexed to macromolecules that are more resistant to 
degradation (Grasset et al., 1998) due to their higher chemical stability physical 
protection mechanisms. In addition to simple lipids such as n-alkanes, n-alkanols and 
fatty acids, hydrolysable biopolymers (cutin and suberin) also comprise lipid 
compounds (hydroxy acid and di-acids) that can be liberated through acid or base 
hydrolysis reactions. Therefore, the study of this diversity of lipid compounds may 
provide us with a better understanding of the fate of organic matter and the processes 
acting upon it in response to changes in environmental factors (e.g. Beyer et al., 1995; 






Table 1.3: Mechanisms involved in SOM stabilization (from Njira and Nabwami, 
2013). 












SOM is occluded within soil micro-
aggregates hence inaccessible by enzymes 
or microbes 
SOM is inserted within phyllosilicates 
hence protected from degradation  
This property reduces surface wettability 
thus decreasing SOM accessibility for 
degradation 
SOM is wrapped up in stable polymers 
 
Chemical Ligand exchange 
 
Polyvalent cation 




Formation of complexes between 
aromatic-C with Al and Fe oxides 
Formation of strong coordination 
complexes between polyvalent elements 
such as Fe and Al with organic compounds 
Formation of van der Waals electrostatic 
forces or H-bonding between mineral and 
organic compound with high 






Consists of slowly decomposing material 
such as lignin or polyphenols 
Macromolecular compounds formed from 
the decomposition of residues to give a 




1.2 Introduction to soil lipids 
 
As mentioned briefly in the previous section, lipids contribute about 3-8 % to SOM 
as total organic carbon near the soil surface (Lodygin and Beznosikov, 2010). The 
percentage of lipids varies between soils but exhibits a positive correlation with soil 
organic carbon content (e.g. organic soil > mineral soil). Compared against other 
organic components in SOM (e.g. carbohydrates), lipids degrade more slowly and 
hence persist longer in the soil environment. Consequently, lipids can comprise up to 




enriched by the application of organic fertilizer (Preston et al., 1987). Similar to SOM, 
lipids in soil originate from both natural and anthropogenic sources although the latter 
input is less significant in pristine environments. They primarily derive from both 
plants and animals as products of decomposition, deposition and exudation as well as 
from fungi, bacteria and algae (Bull et al., 2000; Naafs et al., 2004; Rethemeyer et al., 
2004).  
 
Lipids comprise a diverse range of compounds including phospholipids, 
sphingolipids, alkanes, alkanols, carboxylic acids, acyl esters, wax esters, ketones, 
terpenoids and triacylglycerides (Nierop et al., 2006; de Assis et al., 2011). However, 
to date, the classic definition of lipid as organic compounds which are insoluble in 
water but soluble in common organic solvents like chloroform, hexane, toluene (Bull 
et al., 2000; Naafs et al., 2004) is still used although it is a little imprecise given the 
diversity of lipid compounds with widely variable functionalities. Figure 1.3 shows 




Figure 1.3: Examples of some lipids commonly found in soils. 
 
Soil lipids can be classified as either extractable or ester-bound (as part of a larger 
macromolecular structure) where the latter are insoluble in organic solvent (Nierop et 




compounds including n-alkanes, n-alkanoic acids, n-alkanols, ketones, aldehydes and 
wax esters which primarily originate from leaf epicuticular waxes and roots. In 
addition, some extractable lipids exhibit a predominant input from soil 
microorganisms (e.g. branched alkanes). Different classes of lipids and their origins 
were summarized by Dinel et al. (1990) and in Table 1.4.  
 
Table 1.4: Various sources of lipid in soil as reported by Dinel et al., 1990. 
Lipid Plants Algae Fungi Bacteria 
     
Hydrocarbons 
    
n-alkanes x x x x 
Branched alkanes x x x x 
Olefines x x 
 
x 
Cyclic alkanes x 
   
     
Ketones 





   
     






   
Free fatty acids x 
   
     
Wax esters 
    
Primary alcohol 
esters 
x x x x 
Triesters x 
   
     




   
Terpenoids x       
     
 
Complementary to the extractable lipids are the natural biopolymers cutin and suberin. 
These two biopolyesters play important protective and structural roles in the tissue of 
higher plants. Cutin comprises polyesterified hydroxy fatty acids of mainly n-C16 and 
C18 ω-hydroxyalkanoic acid as well as related epoxy acids. It is a major constituent of 




predominantly found in the aerial organs of higher plants (e.g. flowers, leaves, seeds, 
fruits) (Kolattukudy, 1980; Kögel-Knabner, 2002; Nierop et al., 2006). In contrast, 
suberin can be found in hard protective parts of plants (woody stem, bark) and mainly 
originates from belowground inputs like roots (Bull et al., 2000; Nierop et al., 2006). 
This complex biopolyester is built from ω-hydroxyalkanoic acids predominantly with 
longer chain lengths (≥C20) as well as additional phenolic compounds. Moreover, a 
more specific suberin input can also indicated by the presence of α,ω-alkanedioic acids 
with a chain-length range of C16-C24 (Kolattukudy, 1980). 
 
 The fate of lipids in soil 
 
The distributions, concentrations and diagenetic fate of lipids in soil varies in response 
to their organic matter inputs (e.g. vegetation) and inorganic component of soil (parent 
material) (e.g. Bull et al., 2000). Most importantly, the fate of lipids is influenced by 
the processes in which they undergo in the soil depending on the soil conditions (e.g. 
pH). This is also influenced by the amount of specific lipid groups present in different 
parts of plants and the degradation/preservation mechanism which they undergo (e.g. 
roots) (e.g. Jansen et al., 2006). Therefore, lipid abundances and composition are 
different between soil types and vary under different types of land-use (e.g. Marseille 
et al., 1999).  
 
As mentioned above, the primary input of lipid compounds into soil is from plants. 
Lipids in soil can also derive from other lipid compounds, for example, n-alkanoic 
acids can be derived from n-alkanes, n-alkanols and wax esters through oxidation and, 
in the latter case, hydrolysis followed by oxidation (Moucawi et al., 1981; Jambu et 
al., 1991; Bull et al., 2000; Naafs et al., 2004). The occurrence and concentration of 
lipids in soil can influence the properties of soil such as wettability (Moucawi et al., 
1981). The accumulation of lipids in a soil is primarily influenced by the microbial 
degradation rate which, in turn, is controlled by abiotic factors such as pH, 
temperature, moisture, oxygen, microbial biomass etc. Together with soil type, these 
factors also affect the podzolization rate in soil that leads to variations of lipid 
distributions with depth. pH is known to be the prime factor that influences microbial 
activity in soil since it is intimately associated with carbon, nutrient availability and 




of lipid is greater under low pH conditions such as in a podzol or andic soil (Bull et 
al., 2000; Naafs et al., 2004), associated with retardation of microbial activity which 
in turn promotes preservation of lipids (Quenea et al., 2004). However, this 
phenomenon does not apply to all lipid classes since the concentration of n-alkanes 
have been reported as  better preserved in higher pH soils compared to other lipid 
classes (e.g. n-alkanoic acids) (Bull et al., 2000).  
 
Apart from pH, oxygen is required to facilitate degradation by soil microbes. 
Therefore, lipid degradation is relatively rapid under oxic conditions and reduced 
when oxygen becomes less available (Dinel et al., 1990). In agreement with that, 
higher degradation rates frequently occur in the topsoil region due to the high oxygen 
supply as well as high input of organic matter (Nierop et al., 2005). Climatic change, 
in particular seasonal variations, may affect soil moisture which in turn also influences 
degradation processes. In a dry season, degradation by soil microbes is inhibited  and 
lipid accumulation favoured (Marseille et al., 1999). Other than being an agent in the 
degradation process, soil microorganisms themselves are an important source of lipids 
to the soil. Their composition varies mainly in response to the abiotic factors 
mentioned previously. Previous work has shown a negative correlation between two 
major soil decomposers with pH where decomposition at higher pH is associated with 
bacterial activity and gradually replaced by fungi as the soil pH is decreased (Rousk 
et al., 2009).  
 
As mentioned above, lipid distributions reduce dramatically with soil depth as the lipid 
input decreases down the soil profile. This can be supported by the lower carbon 
content in subsoils compared with topsoils. In addition to environmental factors, chain 
length also influences the rate of degradation in acidic soils. It has been reported that, 
shorter chain hydrocarbons exhibit a higher tendency to undergo decomposition and 
are also more soluble compared to longer chain components (Moucawi et al., 1981). 
In comparison to other SOM components like sugars and proteins, lipids, in general, 
possess a higher stability due to their molecular structure and/or by incorporation to 
other inorganic or organic components in soil. Furthermore, the hydrophobic nature 
of lipids minimises their tendency to leach down the soil profile through run-off 




a recalcitrance to lipids in soil compared with other components. Such preservation 
can be exploited to enable investigation of a soil’s history both in terms of organic 
inputs and environmental factors. 
 
 Applications of soil lipids in Forensic Science 
 
The characteristics of soil lipids such as higher stability, recalcitrance and low 
solubility compared to other fractions of SOM is the main reason for their current 
increasing uptake in forensic studies. In addition, lipids have been widely used as 
biomarkers in archaeology, environmental studies, geochemistry and many other 
diverse fileds. Table 1.5 below briefly summarizes the use of lipid compounds as 
biomarkers in various field. 
 
Table 1.5: Common lipid biomarkers used in geochemistry field research, its source 
and their related process. 
Compounds Source Process/proxy References 
Bacteriohopanepolyols 
(BHPs) 
bacteria Indication of specific 
bacterial input that can be 
linked to environmental 
condition 
Cooke et al. 
(2008) 
Ergosterol fungi Fungal specific biomarker Puglisi et al. 
(2003) 
Abietic acid and 
dehydroabietic acid 
conifer plants Biomarkers specific for 
coniferous plants 





faecal material Indication of manuring 
practice; predominant 
input from human/pig 
slurries 




faecal material Indication of manuring 
practice; predominant 
input from ruminant 







Mean annual air 
temperature (MAAT) 
reconstruction 








reflect the environment 
perturbation 
Zhong et al. 
(2010) 
5-n-alkylresorcinols  
(C19 – C25) 
sedge Predominant input from 
sedge in peat-bog 
Avsejs et al. 
(2002) 
C23 n-alkanes Sphagnum 
moss 
Predominant input from 
Sphagnum sp. in peat-
bog 
Baas et al. 
(2000); Nott 
et al. (2000) 
C16 and C18 hydroxy 
alkanoic acids 




> C20 hydroxy 
alkanoic acids and 
α,ω-alkanediaoic acids 
Suberin Input from belowground 
parts of plants e.g. roots 
Kolattukudy 
(1980) 
Secondary Bile acids 
(lithocholic acid and 
deoxycholic acid) 
 
Faecal material Information on specific 





Fatty acids is one of the more important lipid classes in forensic analysis as they are 
known to be useful in postmortem investigations. Human adipose tissue will 
decompose at high pH soil to yield an adipocere tissue, characterized by a ‘greasy like’ 
matter (Cassar et al., 2011; Ubelaker and Zarenko, 2011). Both contain high 
concentrations of fatty acids and, furthermore, high concentrations of palmitic acid and 
hydroxy stearic acids, are also observed. Fatty acids originating from adipocere tissues 
can be a useful indicator of an exogenous matter input into soil. Bull et al. (2009) 
demonstrated the use of lipids in determining the origin of a putative cadaver derived 
input into soil. The study used of δ13C values determined for C16:0 and C18:0 fatty acids 
to aid in the identification of the input as cadaver derived thereby assisting an ongoing 
murder case involving body burial. The higher proportion of lipids in human adipose 
tissue (fat) undergo decomposition in the soil, triacylglycerols hydrolyse to liberate 
fatty acids dominated by the palmitic acids (C16:0) homologue (Bull et al., 2009). 
Lipids in soil suspected of being a temporary burial spot of a victim’s remains and, 
latterly, adipose tissue obtained from the victim were characterised using GC, GC/MS 
and GC/C/IRMS. The concentration of fatty acids was determined and corresponding 
δ13C values were used to exclude the potential origin of lipids from British 




acids showed that those derived from the soil co-occurred with those derived from the 
adipose tissue of the victim. The results, although still at a preliminary stage, 
emphasise the potential that the analysis of simple lipids has in such cases. 
 
Other studies have sought to investigate the decomposition of cadavers in the soil 
environment. Larizza and Forbes (2013) reported the distribution and composition of 
fatty acids in a ‘cadaver decomposition island’ (CDI) where they found that the 
concentration of fatty acids ranged from C14 to C18 with significantly higher 
concentrations than observed in the control soil for up to 50 cm from the point of 
decomposition. It is also interesting to note that GC/MS analysis revealed that both 
palmitic acid and stearic acid were the most prevalent fatty acids recorded with 
concentrations of more than 5-fold relative to that of other fatty acids determined in 
the two soils studied attesting to the lipid input from adipose tissues (Larizza and 
Forbes, 2013). This method has the potential to identify the presence of cadaver 
derived remains in the soil and could potentially be used in criminal investigations. 
 
Another study utilizing fatty acids for characterisation of grave soils with different 
temporal periods of input derived from a cadaver was reported in 2000 by Stuart et al. 
In this study, a series of fatty acids and their corresponding hydroxy fatty acids, 
triacylglycerols and calcium salts were detected using infrared spectroscopy which 
was then confirmed by GC/MS. This study also showed the potential use of fatty acids 
derived from adipocere to determine the presence of carcasses in soil although further 
investigations on parameters such as temperature, moisture, pH etc. must be included 
to be able to discriminate the length of time of the adipocere input into soil when using 
this infrared approach. 
 
Other lipid compounds also have been reported as a potential tool in the forensic 
analysis of soils. Plant wax markers, mainly n-alkanols and n-alkanes have been used 
for soil discrimination in forensic investigations in combination with statistical 
analysis. Analysis of n-alkanes has revealed unique n-alkane profiles that match 
between overlying vegetation and the underlying soil (Dawson et al., 2004). Mayes et 
al. (2009) conducted the analysis of plant wax markers for individual soils taken from 




were successfully discriminated based on their n-alkane and long-chain n-alkanol 
compositions, indicated by a high R value obtained from the Analysis of Similarity 
results (pair-wise ANOSIM). In the study, n-alkanols showed more promising results 
based on the use of a nonmetric multidimensional scaling (nMDS) ordination plot 
where a distinct separation between the different soils studied was observed with 
higher R values (closer to 1) indicating near complete separation between samples.  
 
Other studies conducted using plant wax markers in combination with pollen analysis 
and stable isotope analysis have been used to discriminate soils between two beaches 
in Portugal (Carvalho et al., 2013). In the study, the analyses also aimed to differentiate 
soil from various distances up to 100 metres away from land using plant wax profiles. 
The n-alkane and n-alkanol concentrations were evaluated and compared to the pollen 
analysis as all derive from the local vegetation. Moreover, the higher concentration of 
plant wax markers in soil can be related to the seasonal variation (e.g. highest 
concentrations of n-alkanes and n-alkanols were observed in spring and the lowest in 
winter) which was found to correlate with the total carbon data. Following this study, 
Carvalho et al. (2014) reported a successful joint use of plant wax markers, pollen and 
particle size distribution to successfully distinguish between the two beach soils as 
well as soils at varying distances within the same beach.  
 
All of these studies have demonstrated the potential use of soil lipids to be used in 
forensic investigations. From the studies reported above, the question whether direct 
use of specific lipids or whole lipid profiles, with or without statistical remains 
unanswered. As briefly reported earlier, soil lipids have also been usefully studied in 
other related fields.  
 
 Other applications of soil lipids 
1.2.3.1 Soil lipids in environmental studies 
 
Application of lipids in environmental studies are primarily concerned with the soil 
microbial community, attempting to account for the role of soil microbes in the 
cycling of organic matter that influences the soil quality, toxin removal and eventual 




2013). Environmental perturbations such as pollution, agricultural practices and land-
use change, result in the alteration of soil properties (soil pH, temperature, moisture) 
which, in turn, have an impact on the microbial community (García-Orenes et al., 
2013). Soil microbes are sensitive and vulnerable to such changes making them useful 
indicators for that may be assessed through the analysis of phospholipid fatty acids 
(PLFA) (Cardoso et al., 2013; García-Orenes et al., 2013). PLFAs are the primary 
component of living cell membranes which rapidly dephosphorylate upon cell death 
(Zelles, 1999; García-Orenes et al., 2013; Quideau et al., 2016). PLFAs are 
predominantly of shorter chain lengths (C14 to C20) including saturated, 
monounsaturated, branched and cyclopropane structures (Frostegård and Bååth, 1996; 
Quideau et al., 2016). Soil microbial communities cover a wide range of bacteria, as 
well as fungi, each comprising a specific composition on non-unique PLFAs (Zelles, 
1999; Haynes and Graham, 2004). In this way a broad assessment of bacterial, fungi, 
gram positive and gram negative PLFAs contained in a soil may be made. The 
fungi:bacteria ratio is also indicative of the substrate quality as it relates to the ratio of 
C to N in the soil (Zhang et al., 2016). Previous studies have shown that bacterial and 
fungal PLFAs were significantly higher in soil from afforested land compared to that 
from cropland and uncultivated land. 
 
One major environmental problem involving lipids arises from global oil production 
and consumption. Oil extraction, processes and transportation have led to many 
unintended accidents such as spillage and pipeline leakages that have contributed to a 
rising number of oil pollution incidents (Mračnová et al., 2002; Mojarad et al., 2016). 
Although such occurrences are more common in oil producing countries (e.g. Iran), 
the result such pollution events could have an impact of a wider scale due to possible 
leach down of pollutants into the ground water aquifers (Mojarad et al., 2016). Oil 
contaminated soil contains elevated concentrations of hydrocarbons, mainly aliphatic 
(C10-C40), aromatic, heteroatom compounds (S, N, O) and asphaltenes (Al-Jawhari et 
al., 2015). However, the composition of these compounds, varies in different oil 
products (e.g. gasoline contains lighter saturated aliphatic hydrocarbons). Among 
thousands of compounds in crude oil, aromatic hydrocarbons, namely polycyclic 
aromatic hydrocarbons (PAHs) and volatile aromatic hydrocarbons collectively 




carcinogenic effects on living organisms both resident and non-resident in soil. 
Unfortunately, these aromatic hydrocarbons exhibit low degradation rates which 
confers a greater recalcitrance in the environment. Conversely, aliphatic 
hydrocarbons, particularly n-alkanes, are more rapidly degraded and are more quickly 
depleted in soil over time. 
  
With respect to the oil pollution of soil, lipid analysis can provide information such as 
hydrocarbon distributions and their corresponding concentration such qualitative and 
quantitative information may be utilised to obtain a molecular characterisation for 
different soil types. Such information is useful for determining the origin of polluting 
crudes as well as helping inform remediation efforts. Several diagnostic ratios of 
relatively bio-degradation resistant hydrocarbons have been used for source 
identification (e.g. PAHs, steranes and hopanes) (Wang et al., 2000). For fresh 
spillages, n-alkane to isoprenoid hydrocarbon (mainly pristane (C19) and phytane (C20) 
ratios: n-C17/pristane, n-C19/phytane and pristane/phytane can also be used to identify 
the origin of an oil contaminant (Wang et al., 2000). Such diagnostic ratios have 
shown promising results in the determining the source of oil contaminating a site. 
Subsequent decontamination is a critical step in restoring soil properties as well as 
promoting the growth of soil microorganisms. Number of studies have investigated 
the optimum and most cost-effective ways to bioremediate oil spillages. Apart from 
hydrocarbon utilizing bacteria, there are other soil microorganisms such as fungi (Al-
Jawhari et al., 2015) and cyanobacteria that have been shown to be capable of 
biodegrading hydrocarbons (Ambrazaitienė et al., 2013) although, unsurprisingly, 
degradation rates vary depending on the structure of the compound. In some cases, 
addition of organic additives (e.g. sewage sludge) helps to promote increased 
microbiological activity and hence accelerate degradation of hydrocarbon 
contaminants (Ambrazaitienė et al., 2013). 
 
1.2.3.2 Soil lipids in archaeological studies 
 
Archaeology is the study of human history and prehistory through the excavation of 
sites and the analysis of artefacts and other physical remains. Organic residue analysis 
of archaeological pottery has been useful for answering archaeological questions 




of goods and raw materials, technology (including vessel production, use and 
provenance), resource acquisition/exploitation and the domestication of plants and 
animals, amongst others (Evershed, 2008; Roffet-Salque et al., 2016). Investigation of 
the landscape around archaeological sites can also provide valuable information about 
various economic practices such as pasturing animals or growing crops. In particular, 
analysis of ancient soils and sediments can provide insights into human occupation 
and agricultural practices such as ancient manuring practices at settlements (e.g. Bull 
et al., 2001, 2003; Bemmann et al., 2014). Significantly, soil lipids may provide 
information regarding organic matter inputs, derived from natural and/or 
anthropogenic sources, therefore, informing about recent activities as well as historical 
background associated to a particular location. Besides direct inputs, lipids in soil may 
undergo transformations/degradation, to produce a diagenetic product of their 
precursor compounds (e.g. sterols undergo reduction to produce stanols) (Prost et al., 
2017). The high preservation of lipids in soil enable them to be detected even after 
thousands of years making them a reliable tool to investigate various archaeological 
samples and their corresponding sites. 
 
The analysis of lipid biomarkers has become a method of choice in archaeology over 
other techniques that have limitations either because of sample availability or the type 
of information that the analysis provides. Advances in modern analytical techniques, 
namely GC-MS, now allow separation and molecular characterisation of complex 
organic residues embedded in the archaeological samples/sites (Evershed, 2008). 
Moreover, the high sensitivity of the technique enables the detection of preserved 
lipids even at trace levels (Roffet-Salque et al., 2016). Complementary to this 
technique, radiocarbon analysis is important for dating archaeological materials, hence 
enabling a chronological event of palaeoecological development of a specific region 
in the past to be constructed (e.g. Donadini et al., 2012;  Mulrooney, 2013; Faїsse et 
al., 2017). In addition, archaeological soil can provide insights into broader 
perspectives of a historical settlement. The analysis of diagnostic biomarkers, can be 
used to investigate the local practices (e.g. agriculture) during antiquity. This has been 
achieved in several studies utilising lipids for site reconstruction and determining 




toilets, house plans, stables) (Bull et al., 2001; Oonk et al., 2009; Bemmann et al., 
2014; Faїsse et al., 2017; Prost et al., 2017).  
 
5ß-stanols, in particular coprostanol, epicoprostanol, 5ß-stigmastanol and 5ß-
epistigmastanol have been extensively used to indicate faecal inputs into soil (e.g. Bull 
et al., 1998, 2003) and water systems (e.g. Leeming et al., 1996; Sánez et al., 2017). 
These compounds are biosynthesised by a microbially mediated reduction of 
cholesterol and its congeners in the gut of most higher mammals and to a lesser extent, 
via microbial reduction in the soil (Prost et al., 2017). Particularly in archaeological 
studies, faecal inputs into an ancient settlement/sites have been shown to arise from a 
number of activities including agricultural practices utilizing manure fertilizer, the 
construction of middens, building (and subsequent use) of latrines. Bull et al. (2001) 
analysed 5β- stanols down a 95 cm soil core collected from a former Minoan 
agricultural terrace on Pseira Island, Crete, revealing that an elevated coprostanol 
concentration, relative to sitosterol, in sub-surface soil (below 35 cm); this was 
ascribed to agriculture practices at the Minoan site.  
 
Bile acids are another class of lipid biomarker that are diagnostic of faecal material 
and are relatively recalcitrant in soil/sediments. They have been extensively used in 
archaeological studies, complementing the use of 5ß-stanols (Elhmmali et al., 2000; 
Bull et al., 2003; Prost et al., 2017) to discriminate between different types of faecal 
input (Bull et al., 2002).  These two biomarkers were used by Bull et al. (2003) to 
investigate the application of an ancient culvert, dated back to the Roman period. Soil 
samples were collected at 5 different depth profiles from the Roman wastewater course 
as well as further away from the site (control soil). An increasing concentration of 
secondary bile acids (deoxycholic and lithocholic acid), 5α- and 5ß-stanols in the lower 
section of soil/sediment profile, indicated a characteristic of human faecal input hence 
suggesting that the site was used as a sewage drain tunnel during the Roman period. 
The reduction of the biomarker concentrations in the upper soil (nearly similar to 
control soil), however, suggested that this culvert was abandoned and no longer used 
for that purpose after that period. More importantly in an archaeological context, this 





More recently, Prost et al. (2017) reported further developments to this area for 
investigating specific faecal inputs into archaeological soils, considering a suite of 
steroid components (Δ5-sterols, 5α-stanols, 5β-stanols, epi- 5β-stanols, stanones) and 
the relative proportion of bile acids (choenodeoxycholic acid, deoxycholic acid, 
hyodeoxycholic acid, lithocholic acid and ursodeoxycholic acid). For the first time, a 
discrimination between horses, goat, donkey and sheep/cattle faeces was achieved. 
Furthermore, the correctly identified the known origin of faecal material in some 
archaeological soils.  
 
Whilst the studies mentioned above predominantly rely upon the use of specific 
compounds to derive information about inputs to a soil in a targeted approach far less 
work has been concerned with untargeted methodologies that consider all lipids, 





Lipidomics is a sub-set of metabolomics, focusing exclusively on the lipid compounds 
present in a wide range of samples (e.g. tissue, soils, sediments, etc.). This area of 
‘omics’ research has emerged as its own independent classification due to the diversity 
of the lipids as well as their important role in biological systems as structural 
components and their involvement in metabolic pathways (Checa et al., 2015). 
Malfunction of the human metabolic system can arise from many different health 
problems such as cardiovascular disease, diabetes, Alzheimers, cancer etc. As a subset 
of metabolomics, located at the bottom of ‘omics’ cascade (Figure 1.4), lipidomics 
provides a snapshot of what is currently happening in a biological system and 
represents the status at the phenothopic level. This information is essential so that 
diagnosis of health status or a disease can be made at an early stage and hence enable 
early intervention to be made to treat the condition. A successful lipidomics approach 
can detect changes related to either genetics, disease, or environmental perturbations 
in a cell or metabolic pathway. The development of this field has been accelerated with 
the advancement of analytical techniques, in particular mass spectrometry, capable of 
delivering high throughput data. However, this has led to the generation of complex 




analysis before a valid biological interpretation can be made (Katajamaa and Oresic, 
2007). This has led the ‘omics’ research community to focus on exploring various 
methods for data processing to establish a standard workflow as well as improve the 
quality of the information extracted from analyses. As for metabolomics, a lipidomics 
study can be divided into different strategies based on the research question. Targeted 
lipidomics aims to isolate a few compounds known to be important in a sample 
whereas untargeted lipidomics extracts a wider and more diverse class of compounds 
involved in a metabolic pathway; extracting as many lipids as possible from a sample 
and must be followed by chemometric analysis to obtain meaningful results (Astarita 
and Ollero, 2015; Checa et al., 2015).  
 
Even though lipidomics offers similar information to metabolomics, these two 
approaches are slightly different in the way that the sample is extracted. For 
metabolomics studies, sample extraction is not restricted to the isolation of a specific 
class of compounds whereas with lipidomics, the extraction method and solvent are 
chosen to isolate only lipid compounds in an untargeted manner. There are several 
extraction methods that are typically used for lipid extraction from biological samples 
including Bligh and Dyer, Folch and more recently, methyl tert-butyl ether (MTBE) 
has becoming increasing popular as it offers higher and cleaner recovery of lipid 
targets (Matyash et al., 2008). The first two approaches use a methanol: chloroform 
solvent mixture for extraction and have been applied widely in the extraction of lipids 
(Bligh and Dyer, 1959). The extraction method using MTBE was reported more 
recently using a mixture of methyl tert-butyl ether, methanol and water (10:3:2.5 v/v/v) 
and proposed to have similar or better efficiencies than the traditional method for 
extracting lipid compounds from biological samples (Teo et al., 2015). 
 
Subsequent to the successful lipid extraction and isolation, high-end instrument 
techniques play a major role in obtaining high quality with a high throughput. Mass 
spectrometry (MS), either coupled to a chromatography technique or direct infusion, 
is by far, the most powerful and versatile analytical platform offering both high 
sensitivity and high-resolution analysis. Compared with nuclear magnetic resonance 
spectroscopy, which is also a common technique in ‘omics’ studies, MS provides a 




of NMR (Dettmer et al., 2007). Many reviews report the advantages and drawbacks 
for each analytical technique which is largely governed by the type of lipidomics 
analysis required (Köfeler et al., 2012). Direct infusion coupled with mass 
spectrometry, also known as shotgun lipidomics, has become popular due to its quick 
sample preparation and rapid data acquisition. However, this method suffers from ion-
suppression and is unable to differentiate between structural isomers, therefore, this 
technique is seen to be more suitable for targeted analysis (Teo et al., 2015). GC-MS, 
despite having its own limitations (i.e. the need for sample volatility) is still considered 
to be the gold standard in metabolomics analysis due to its reproducibility, high 
chromatographic resolution and relatively advanced library of electron ionization mass 
fragmentation spectra which aids in compound identification (Du and Zeisel, 2013; 
Teo et al., 2015). On the other hand, LC-MS has the advantage of not requiring a 
derivatization step. In any ‘omics’ experiment, each step is as important in contributing 
to the quality of the output result. Unfortunately, there is no single analytical technique 
able to extract all information from a sample. Therefore, the best technique for a 
lipidomics-based approach is best determined based on the goals of the research 
although utilising a combination of complementary techniques is, as ever, 
adventitious.  
 





 The ‘omics’ studies of soils 
 
To date, studies utilising a lipidomics-based approach for the analysis of 
environmental samples (e.g. water, soil, etc.) have been scarce, hence the 
corresponding literature is limited. However, a considerable number of 
communications on lipidomics involving biological samples such as serum, tissues, 
urine and etc. particularly for the discovery of biomarker related to the lipid-associated 
disease have been documented (Sandra et al., 2010; Bergheanu et al., 2008; Musharraf 
et al., 2016; Nakayasu et al., 2016; Burnum-Johnson et al., 2017; Hadi et al., 2017). 
However, several publications on lipidomics in combination with other ‘omics’ 
research are discussed to assess the potential use of this approach on soils along with 
any associated challenges.  
 
Previous ‘omics’ studies have investigated the soil microbial community as its activity 
and composition reflects the environmental input and status of soil such as 
contamination and/or climate change, caused by an abiotic and biotic factors. Recently, 
Nicora et al. (2018) have suggested a potential use of multi-omics technologies, 
combining metabolomics, lipidomics and metaproteomics to study the role and 
response of soil microbial communities under environmental perturbations using mass 
spectrometry. In their study, they focused on the modifications made based on a typical 
solvent extraction technique used for the extraction of peptides, lipids and metabolites 
from a single sample simultaneously. This new approach aimed to improve the 
classical method that requires extraction of lipids, proteins and metabolites separately 
resulting in longer sample preparation time. Nicora et al. (2018) reports that this newly 
improved method called MPLEx is applicable to almost all types of biological and 
environmental samples except blood plasma. In dealing with soil samples, the MPLEx 
protocol has proven to work well despite limited amount of soil available for the 
extraction (Nicora et al., 2018). 
 
In 2014, Jones et al. introduced the term ‘community metabolomics’ referring directly 
to the study of the microbial community in a soil. The study concerned the 
discrimination of soils exposed to various types of contamination (e.g. metal). The 
study utilized an aqueous-phase extract from various former mine sites in the UK to 




H-NMR data was statistically analysed and the PCA score plot exhibited good 
separation between most of the soils, which was achieved from the uniqueness of the 
microbial metabolic profile of each individual soil. It is also noted that some soils, 
although geologically different, exhibit a similar metabolic profile, clustering together 
in the PCA, most likely resulting from a similar input of pollutant to the site (Jones et 
al., 2014).  
 
The resiliency of a soil under agrochemical application, in particular the β-triketones 
used as a herbicide (e.g. sulcotrione, tembotrione, mesotrione), has also been assessed 
using an ‘omics’ approach. A novel method, ‘Environmental Metabolic Footprinting’ 
(EMF), was established by Patil et al. (2016), to evaluate the reaction of soil towards 
herbicide inputs through analysis of its meta-metabolome profile by making a 
comparison between treated soils and a control. Extracted soil samples were analysed 
by ESI/LC-MS operating in the negative ion mode to facilitate better sensitivity. The 
results revealed significantly different metabolic profiles arising from the use of the 
different herbicides. Using this un-targeted metabolomics approach, two types of 
biomarkers; classified as exogenous and endogenous markers were proposed as useful 
to study the fate of the agrochemicals in soil. The former could be used to determine 
the herbicides and their transformation products whereas the latter comprised of 
discriminative compounds present in both control and the treated soils. The 
discriminative markers were determined using partial least square discriminant 
analysis (PLS-DA). 
 
Another study was conducted to assess the reliability of a metabolomics approach for 
the analysis of fatty acid methyl esters (FAMES) in soils, as an alternative to more 
conventional PLFA-based approaches to assessing changes in the soil microbial 
community as response to different fumigants (Willers et al., 2016). The work reported 
that a more distinct separation between soils under various fumigant applications was 
observed based on the score plot of a principal component analysis (PCA), although 
the total cumulative variance of the first three PCs was relatively lower than the one 
observed using the PLFA technique. The study also revealed that the derivatisation 
techniques (i.e. methanolysis, methanolysis followed by BSTFA, methanolysis 
methoximation and BSTFA) had a great impact on the extraction of the individual 




suggested that the unknown metabolites determined using this untargeted approach 
might derive from vegetation inputs as well as the microbial community thereby 
agreeing with the suggestion made by Jones et al. (2014). 
 
1.4 Aims and hypotheses 
 
The overall aim of this research is to develop a highly reproducible method for 
statistically interrogating the lipid component of soil to provide a more robust means 
of characterising and discriminating soil for forensic applications. Beyond forensic 
studies, many other areas of research could also benefit from a lipidomics-based 
approach, including archaeology, environmental science and geochemistry. This novel 
approach adopts a method that, currently, is widely used in the biomedical field. Lipid 
compounds will be extracted in an unbiased manner and compared between several 
other soils (representative of different environmental conditions) using statistical 
analyses. The overarching hypotheses to be tested by this research are: 
 
H1. Soils from different wide-scale geographical locations can be explicitly 
differentiated based on their lipidomic profile.  
H2. Soils from the same geographical locations but existing under different local 
conditions, e.g. different overlying vegetation, can be explicitly differentiated 
based on their lipidomic profile. 
H3. Seasonal change does not effect the lipid distribution of a soil making it suitable 
for forensic analyses throughout the year.  
H4. Specific inputs of extraneous organic matter to a soil will result in a characteristic 
lipidomic profile which may be used to identify the source of the organic matter.  
H5. A lipidomic approach facilitates better discrimination of soil compared with less 
comprehensive approaches, i.e. comparison of lipid compound class distributions, 
analysis of inorganic compounds, elemental analysis etc.  
H6. A lipidomic-based analysis of soils will provide a robust means of characterizing 
soils that may be applied to a wide range of scientific disciplines. 
 
In this research, the methods used for the lipid extraction are reported in the Chapter 




lipidomics workflow is also explained. Subsequently, the lipidomics method was used 
to assess three different sets of soils to answer the hypotheses outlined above. They 
represent different scenarios and demonstrate the robustness and versatility of the 
developed lipidomics approach.  
 
In Chapter 4, the use of lipidomics to discriminate between eight soils from a variety 
different geographical locations in the south-west of England with different overlying 
vegetation is demonstrated. The effects of seasonal changes in the observed soil lipid 
distribution are also investigated and the extent to which such changes affect the 
application of the proposed methodologies are considered. 
 
Moving to a smaller geographical scale, Chapter 5 investigates the capability of a 
lipidomics-based approach to discriminate between soils with similar origins and close 
proximity using soil from two long-term experiments based at Rothamsted Research, 
Harpenden (Broadbalk and Park Grass Experiments). These two sets of soils were 
differed primarily on their overlying vegetation (Broadbalk) and soil pH (Park Grass) 
resulting from different soil managements for over 150 years.  
 
Finally, Chapter 6 reports the use of a lipidomics-based approach to discriminate 
between two common inputs into temperate peatland (Sphagnum and Sedge). This 
chapter considers two sets of data, Sphagnum and Sedge only and various peat 
mixtures with differing ratios of the two inputs. The former was used to build a 
prediction model and the latter used to test its ability to correctly identify the inputs 
constituting the peat mixtures.  
 
The results chapters represent a transition to increasingly challenging sample sets in 
order to test the extent to which the newly developed lipidomics-based approach may 
be usefully deployed. In each case, more traditional, plant-wax based approaches are 
also used and the results compared and contrasted with those arising from analysis of 
the lipidome. Overall, it is envisaged that the work presented herein will provide not 
just a useful investigative tool for future forensic investigations but will also underpin 
















Analytical grade reagents (≥98 % purity) and HPLC grade solvents were used in all 
experiments. All glassware was furnace at 450 °C for 3 hours to remove any organic 
contaminants. An internal standard was spiked into all samples for the purposes of 
quantification and quality assurance. n-tetratriacontane (50 μL) was used in the method 
validation study and Hypothesis (1) whereas n-hexatriacontane (50 μL) was used for 
the remaining set of samples. A blank was included in every extraction batch to 




A total of about 150 soils from around the UK were collected. Contemporary and 
archived soils were collected from around Bristol, Devon and Rothamsted Research 
(Harpenden) over several sampling trips that took place between May 2014 to July 
2015. Details of each sampling site are given in the relevant chapters. Table 2.1 
summarized the soils obtained to test each hypothesis in this study. 
 
Table 2.1: The site and number of soils collected for each hypothesis (details of 
hypotheses are provided in Chapter 1). 
Hypothesis Sampling site Number of samples Sample 
type 
1 Eight sites around Bristol and the 
southwest of England 
24 
(8 x 3 replicates) 
Topsoil 
2 Long-term classical experiment: 
Broadbalk (Harpenden, UK) 
Long-term classical experiment:  
Park Grass (Harpenden, UK) 
12  
(4 x 5 replicates) 
24  





3 Three sites around Bristol collected 
on a seasonal basis 
36  
(3 x 4 x 3 replicates) 
Topsoil 
4 Commercial sedge and Sphagnum 
peat 
1) Building a prediction model 





18 (2 x 9 replicates) 





2.3 Analytical protocol 
 
All soils were freeze-dried or oven-dried at 60 °C to remove moisture. Subsequently, 
each soil was sieved through a 2 mm grating to remove stones, roots and other detritus, 
followed by grinding with a mortar and pestle and sieving through a 250 µm grating 
to remove smaller roots. Each soil was extracted using a modified Bligh-Dyer solvent 
system to obtain the lipid extract.  
 
2.3.1 Preparation of Bligh Dyer solvent 
 
The method was adopted from the procedure outlined by Bligh and Dyer with some 
modifications (Bligh and Dyer, 1959). A monophasic solvent was made by mixing 
methanol:CHCl3:buffered water in a ratio of 10:5:4 (v/v/v). The buffered water was 
prepared by adding an appropriate amount of sodium dihydrogen phosphate to make 
up a 0.05 M solution. Subsequently, the pH of the solution was adjusted to 7.2 through 
the careful addition of sodium hydroxide pellets. 
 
2.3.2 Lipid extraction (modified from Bligh Dyer method) 
2.3.2.1 Microwave extraction 
 
An ETHOS EX microwave extraction system was used for the extraction. 
Approximately 0.5 g of freeze-dried soil was added with 3 mL of monophasic Bligh-
Dyer solvent (methanol:CHCl3:buffered water) (10:5:4 v/v/v) and spiked with 50 µL 
of internal standard (n-tetratriacontane, 100 µg g-1). All samples were then extracted 
at 70 °C with a 10 min ramp from 30 °C to 70 °C, 10 min isothermal and a 20 min of 
cooling period giving an overall extraction time of 40 min. All extracts were 
centrifuged at 1500 rpm for 15 min and the supernatants collected. The residues were 
each washed with Bligh-Dyer solvent a further two times and were centrifuged prior 
to being combined. Equal volumes of CHCl3 and buffered water were added to break 
the organic and aqueous phases. This two-phase system was vortex mixed several 
times and the lower organic layer was transferred to another vial. The aqueous layer 
was re-extracted with 2 mL CHCl3; this step was repeated three times and all organic 





The TLE was saponified as detailed in Section 2.4.3.2. The saponified TLE was then 
passed through a column containing anhydrous sodium sulfate (pre-furnaced at 450 °C 
to remove any organic contaminants) to remove any residual water. The eluate was 
evaporated under a gentle stream of nitrogen gas leaving a residual TSLE. The sample 
was redissolved in DCM:isopropanol (2:1 v/v) and a sub-sample archived. TSLE 
solutions were evaporated under a gentle stream of nitrogen gas and TSLEs stored 
at -20 °C until further analysis. Triplicate samples were extracted to evaluate the 
precision and reproducibility of the method. 
 
2.3.2.2 Ultrasonic extraction 
 
Approximately 0.5 g of freeze-dried soil was mixed with 3 mL of monophasic Bligh-
Dyer solvent (methanol:CHCl3:buffered water) (10:5:4 v/v/v) and spiked with 50 µL 
of internal standard (n-tetratriacontane, 100 µg g-1). The sample was then sonicated for 
15 min, centrifuged at 3000 rpm for 15 min and the supernatants decanted into pre-
furnaced (450 °C) vials. The extraction step was repeated three times and supernatants 
from individual extracts were combined into the same vials. Following extraction, 
equal amounts of CHCl3 and buffered water were added to break the organic and 
aqueous phases. The mixtures were vortex mixed several times and then the lower, 
organic layer was transferred to another vial. The aqueous layer was washed with 2 
mL CHCl3; this washing step was repeated three times and all organic fractions were 
combined. The solvent was then evaporated under a gentle stream of nitrogen gas.  
 
Lipid extracts were saponified as detailed in Section 2.3.3.2. The saponified organic 
fraction was passed through a column containing anhydrous sodium sulfate (pre-
furnaced at 450 °C to remove any organic contaminants) to remove any residual water. 
The eluate was then evaporated under a gentle stream of nitrogen gas to give a TSLE. 
The sample was redissolved with DCM:isopropanol (2:1 v/v) and a sub-sample was 
archived whilst the remainder sample was evaporated under a gentle stream of nitrogen 
gas and kept at ‒20 °C until further analysis. As for the microwave extraction protocol, 
triplicate samples were extracted to assess the precision and reproducibility of this 






Figure 2.1:  Flow chart of the analytical protocol for lipid extraction using 







Saponification was used in this study to hydrolyse larger molecular weight compounds 
comprising ester bonds (e.g. triacylglycerols) to obtain a total simple lipid extract 
(TSLE) and thereby altering the compounds present to those amenable to GC analysis. 
For this work, the saponification step was conducted at two different stages in the 
analytical protocol to assess the effect on the lipid distribution: saponification prior to 
extraction and saponification subsequent to extraction. The protocol used was adopted 
and modified from Bull et al. (2003). 
 
2.3.3.1 Saponification prior to extraction (pre-extraction saponification) 
 
Approximately 0.5 g of soil was weighed into a culture tubes and spiked with 50 µL 
of internal standard (n-tetratriacontane, 100 µg g-1). Following to this, 2 mL of 5 M 
KOH in MeOH: DW (9:1 v/v) was added and heated at 120 °C for 1 hour. After 
cooling, 2 mL of extracted double distilled water was added and the resultant mixture 
acidified with an appropriate amount of 6 M HCl to obtain a pH 3-4. The sample was 
then centrifuged and decanted into a clean vial. An appropriate volume of 
MeOH:CHCl3 to obtain a Bligh Dyer mixture was added to the remaining soil residue 
and this was then followed by lipid extraction using ultrasonic extraction as detailed 
in the previous Section 2.3.2.2.  
 
2.3.3.2 Saponification subsequent to extraction (post-extraction 
saponification) 
 
Approximately 0.5 g of soil was weighed into a culture tube and spiked with 50 µL of 
internal standard (n-tetratriacontane, 100 µg g-1). Following this, ultrasonic extraction 
was conducted as detailed in Section 2.3.2.2 to obtain the dried total lipid extract 
(TLE). Then, 2 mL of 5M KOH in MeOH:DDW (9:1 v/v) was added to the lipid 
extract followed by heating at 120 °C for 1 hour. After cooling, 2 mL of extracted 
DDW was added to the solution which was then acidified to pH 3-4 with the 




saponified sample was then extracted three times with CHCl3 and the organic layers 
combined in a glass vial. The organic layer was passed through a column containing 
anhydrous sodium sulfate (pre-furnaced at 450 °C) to remove any residual water and, 
finally, the eluate was evaporated under a gentle stream of nitrogen gas leaving a 
residual TSLE. The extracts were kept at -20 ⁰C until analysis. Figure 2.2 summarizes 







Figure 2.2:  Flow chart of the analytical protocol used for the saponication study: (a) 




2.3.4 Derivatization (Trimethylsilylation) 
 
All samples were derivatized by adding 30-50 µL of N,O-bis(trimethylsilyl) 
trifluoroacetamide (BSTFA;Sigma), containing 1 % trimethylchlorosilane (TMCS) 
and heating for 1 hour at 70 °C. Excess derivatization agent was removed under a 
gentle stream of nitrogen and samples were then redissolved in an appropriate volume 
of ethyl acetate prior to analysis. 
 
2.4 Preparing samples for instrumental analysis 
 
Apart from the status of the instrument that must be checked regularly, it is also 
important that all samples in each data set studied be analysed back-to-back with 
quality control (QC) samples with blanks and standards included in-between several 
samples throughout the analysis. The number of quality control samples, blanks and 
standards to be included in each analysis was determined by the size of the data set. 
Quality control samples are prepared by adding a similar volume of all samples studied 
to make a pooled QC sample. The pooled QC samples were then divided into several 
vials as required by the analysis. These QC samples were used to measure the 
variability of the instrumental analysis and the validity of the results. In addition, blank 
samples were also used to monitor contamination in the analytical procedure as well 
as to check for carry-over in-between analyses. A series of fatty acid methyl esters 
(FAMEs) was used as an instrument standard to evaluate its performance in-between 
several analytical run. 
 
2.5 Instrumental analysis 
 
2.5.1 Elemental analysis and total organic carbon (TOC) 
 
Elemental analyses of the sieved (250 µm) dried soils were carried out using a 
Eurovector EA 3000 elemental analyser to determine total carbon, hydrogen and 
nitrogen compositions of the soils. The inorganic carbon (IC) content was determined 
using a modified Coulomat 702 analyser which employed a coulometric cell for 
measurement. Total organic carbon (TOC) was calculated by subtraction of the IC 




2.5.2  Particle size distribution analysis 
Particle size distribution analysis was conducted using laser diffraction on a Malvern 
Mastersizer 3000 attached with a Malvern Hydro EV particle size analyser. All soils 
from, eight locations collected around Bristol and southwest of England (Hypothesis 
1), were analysed for their soil type. All samples were air dried and sieved through a 
2 mm grating to remove stones and detritus. Subsequently, all soils were pre-treated 
to remove the organic matter content by heating at 450 °C for 16 hours. The particle 
size was then analyzed and the result recorded as a percentage of sand, silt and clay. 
Distilled water was used for rinsing the probe between measurement of each soil. For 
every soil, the analysis was continued until the results obtained showed minimal 
variation for at least five measurements. The soil type identification was carried out 
using a Soil Texture Triangle as shown in Figure 2.3 based on the percentage of clay, 
silt and sand for each soil. The particle size categories were assigned referring to the 
USDA textural classification system for clay, silt and sand of 2, 50 to 2, and 2000 to 









2.5.3 High-temperature Gas Chromatography Flame ionization detector 
(HT-GC-FID) 
 
All derivatized samples were diluted in ethyl acetate and analysed using an Agilent 
7890A gas chromatograph, equipped with a fused-silica capillary column. A flame 
ionization detector was used to monitor the column effluent. Data were acquired and 
analysed using Chemstation software Rev.B.03.02(341). Detailed conditions of the 
GC setup used in this study are provided in Table 2.2. 
 
Table 2.2: GC-FID detailed condition used in the lipid analysis. 
GC run conditions  
Column RESTEK, Rxi-1HT 
100 % dimethylpolysiloxane,  
(15 m × 0.32 mm ID × 0.17 µm film thickness) 
Injection volume 1 µL 
Inlet temperature 250 °C 
Oven temperature 
programme 
50 °C (2 min isotherm), 
10 °C min-1 to 350 °C (10 min isotherm) 
Carrier gas Helium, 2 mL min-1 
FID conditions  
Detector temperature 350 °C 
 
 
2.5.4 Gas Chromatography-Mass Spectrometry (GC/MS) 
 
Aliquots extracted from all samples in the method validation study were derivatized 
and analyzed using a Thermo Scientific TRACE 1300 GC system coupled to a Thermo 








Table 2.3: GC/MS detailed condition used in the lipid analysis. 
GC run conditions  
Column RESTEK, Rtx-1  
100 % dimethylpolysiloxane, 
(50 m x 0.32 mm i.d x 0.17 µm film thickness) 
Injection volume 1 µL 
Inlet temperature 250 °C 
Oven temperature programme 70 °C (2 min isotherm), 
10 °C min-1 to 200 °C, 
3 °C min-1 to 300 ⁰C (20 min isotherm) 
Carrier gas Helium, 2 mL min-1 
Transfer line temperature 300 °C 
MS conditions  
Ionization mode EI, electron energy 70 eV 
Source temperature 300 °C 
Mass range m/z 50 – 650  
 
 
2.5.5 Gas Chromatography-quadrupole-time of flight-Mass Spectrometry 
(GC-QTOF/MS) 
 
GC/MS analyses were performed using an Agilent 7890B GC system coupled to a 
7200B accurate mass quadrupole time-of-flight (QTOF) system. The instrument 
conditions are provided in Table 2.4. 
 
Table 2.4: GC and MS condition used for the GC-QTOF/MS instrument. 
GC run conditions  
Column RESTEK, Rtx-1  
100 % dimethylpolysiloxane,  
(50 m x 0.32 mm i.d x 0.17 µm film thickness) 
Injection volume 1 µL 
Inlet temperature 250 °C 
Oven temperature 
programme 
50 for 2 min, 
10 °C min-1 to 200 °C, 
3 °C min-1 to 300 °C 




MS conditions  
Ionization mode EI, electron energy 70 eV 
Source temperature 230 °C 
Quadrupole temperature 150 °C 
Mass range m/z 50 – 650  
 
2.6 Quality control assessment 
 
In a lipidomics analytical workflow, quality control (QC) samples are required to 
enable assessment of the variability and reproducibility of the analyses to be made 
either at the experimental or instrumental stage. This is also done to enable the 
detection of low quality data/samples throughout the analytical workflow as well as 
outliers in the data set. Therefore, a good common practice applied in -omics based 
research is the preparation of a QC sample which is prepared by mixing an equal 
volume of all samples studied. This type of QC sample is called a ‘pooled’ QC, latterly, 
QC samples are divided into several vials depending on the total number of samples 
in the data set. All QC samples need to be derivatized prior to analysis by GC-FID and 
GC-QTOF/MS. In this study, QC samples were injected at the beginning, at the end 
and in between several samples throughout the analytical sequence. 
 
2.7 Data pre-processing using Mass Hunter Profinder B.08 software  
 
‘Omics’ analyses are synonymous with large-scale data generation due to both the 
complexity of the sample and advances in instrumentation deployed. It is crucial that 
careful consideration be taken as early in the experimental design stage as possible 
and in the subsequent sample extraction, instrumental analysis, data processing and 
statistical tests in order to ensure meaningful and reliable results. The greatest 
challenge in ‘omics’ research is the data processing steps that require bioinformatics 
tools to aid in the extraction and determination of important compounds/metabolites 
from amongst hundreds or thousands of potential compounds acquired using a high-
end means of analysis, e.g. accurate mass time-of-flight mass spectrometry. This step 
acts as a bridge to connect the perceived small gap between the raw data and the 




determines the quality of the final results. Generally, there are several steps involved 
in data processing including baseline correction, deconvolution (compound 
extraction) and compound alignment (particularly for GC/MS data due to slight 
retention time variations). A complete analytical workflow for lipidomics research is 
provided in Figure 2.4.  
 
 
Figure 2.4: The overall analytical lipidomics workflow adopted in this study. 
 
The processing steps were conducted using Mass Hunter Workstation Profinder 
B.08.00 (Agilent Technologies) which produced a three-dimensional data output that 
contained individual ‘entity’ information as [mass × retention time × intensities]. The 
data were then converted into the proprietary .CEF format that is compatible with 
Mass Hunter Profiler Professional version B14.5 (Agilent Technologies), used in the 
downstream analyses. In this study, a different processing algorithm was applied for 
method validation and the sample data set from the collected soils due to differences 
in the level of data complexity. In method validation, where samples comprised a 
known standard mixture, the ‘batch molecular feature extraction’ algorithm was used 




all samples used a ‘batch recursive molecular extraction for small molecule’ algorithm 
which involved seven steps with more parameters to deal with. Appropriate values for 
each parameter in the deconvolution step were determined using the prepared mixture 
as detailed in Section 3.4. 
 
2.8 Data treatments and data filtering using Mass Profiler Professional (MPP)  
 
Following the pre-processing step, the extracted aligned compounds were then treated 
and filtered to select only consistent compounds representing each sample group in 
every data set. For this purpose, the software package Mass Profiler Professional 
(MPP; Vversion B14.5) was chosen for use in this study. MPP is a powerful software 
tool designed to process mass spectrometry (MS) data obtained in metabolomics and 
similar types of work (e.g. lipidomics, proteomics). MPP supports several types of data 
entries including .CEF (Mass Hunter, Agilent), .ELU and .FIN (AMDIS), .txt, .csv and 
.xls (generic data). The aligned compounds were filtered to remove compounds 
detected in only one of the replicates. Subsequently, the data were converted into .CEF 
format in the Profinder software and imported into MPP for data treatment.  
 
In this study, all filtering was based on absolute abundance of the chromatographic 
peak, mass spectrum ion peak and number of mass spectral ions and was carried out 
in Profinder hence filtering was not repeated in MPP. Retention time alignment was 
also performed as part of the processing step in Profinder. In MPP, the alignment 
parameters were left as default and the retention time ranges were narrowed to only 
look at compounds eluting between 10-55 min. This was done to exclude the very early 
eluting peaks that can be highly variable and prone to contamination. Following this, 
data treatment was applied including data transformation (log2 transform), 
normalization (to internal standard) and baselining (mean-centering) with the aim of 
enabling better comparison to be made between samples as well as helping data 
visualization. Following data treatment, several data filters were applied to obtain 
compounds that best represented each individual soil. These included: ‘filter by 
frequency’, ‘filter by sample variability’ and ‘fold change’. Details of the treatment 




After each filter, unsupervised multivariate analysis was conducted to observe the 
clustering of outputs for different sample groups using a selected subset of compounds. 
After the final filter, statistical analysis was performed to determine the discriminant 
compounds responsible for the clustering observed. Two types of statistical analyses, 
Kruskal-Wallis and an unpaired t-test, were used to select compounds from a larger 
number of sample groups and from only two groups, respectively. The Kruskal-Wallis 
test was selected assuming that the data was not normally distributed as the number of 
replicates was small. The permutation method was used to calculate the P-value in the 
statistic and Benjamin Hochberg FDR was used as for multiple testing correction. 





In MPP, data exported were log2 transformed or scaled so that the data would be more 
appropriately distributed for multivariate analyses. It also helped visualization as it 
resulted in both higher and lower entities to be easily compared within a single profile 
plot. This step in not an option in MPP as it is done automatically prior to any further 
data treatment. 
 
2.8.2 Normalization  
 
 
Normalization is another of the steps involves in data treatment which also aids data 
visualization in multivariate analysis. In MPP, normalization helps to correct for minor 
non-experimental variability and this step was performed after data was log2 
transformed. MPP provides four normalization options: ‘none’, ‘normalization to 
internal standard’, ‘normalization to percentile shift’ and ‘normalization to quantile’. 
‘Normalization to internal standard’ is one of the most common options applied in 
many studies and therefore, was also applied in this study. In order to perform this 
option, an internal standard must be detected and extracted in all samples. Each option 
applies a slightly different algorithm and should be selected with care bearing in mind 





2.8.3 Baselining  
 
Baselining is another option offered in MPP to help visualization of the data in 
multivariate analysis. This treatment is useful for removing bias from compounds with 
a very high abundance which might effect the statistical results. The four baselining 
options available are: ‘none’, ‘Z-transform’, ‘baseline to mean/median of all samples’ 
and ‘baseline to mean/median of control sample’. In this study, ‘baseline to mean of 
all samples’ or ‘mean-centering’ was chosen. In this step, the mean log2 intensity of 
each entity is subtracted from their respective log2 intensity. This step does not affect 
the statistical analyses results and fold change filter. 
 
2.8.4 Filter by frequency 
 
This is the most common filtering used for metabolomics data in MPP as it helps to 
remove entities present in only one or a few samples within replicates or the whole 
data set. Stringency levels can be applied using this filter by adjusting the percentage 
value for minimum frequency and the filter can be applied to either all samples, 
samples in only one condition, samples in at least one condition or samples within each 
condition. In this study, the filter applied selected entities that appeared in at least 80 
% of samples in at least one condition.  
 
2.8.5 Filter by sample variability 
 
This filtering option supports data filtering using either a ‘percent coefficient of 
variation (CV)’, ‘standard deviation’ or ‘standard error’. All available options permit 
only entities that are extracted consistently across the data set to pass. Very low values 
set for this filter will result in many entities being filtered out. For this study, entities 
that had a CV in the range of < 25 % were retained if present in at least one out of the 







2.8.6 Fold change  
 
In MPP, this is used to measure and observe the differences in abundance of a selected 
entities across samples. Filtering can be applied using this option by determining the 
cut-off value of the fold change value depending on the aim of the analysis. In most 
cases, a higher cut-off value was set to allow only the main discriminating compounds 
to be selected. In this study, a cut-off value of 10 or 15 was used where appropriate, to 
select compounds which exhibited the largest differences between samples. The fold 
change was calculated between two samples and the output was reported as either an 
increase in abundance (up-regulation) or decrease in abundance (down-regulation) that 
indicated the compound response in each sample relative to the other sample selected. 
 
2.9 Multivariate analyses 
 
In lipidomics/metabolomics research, dealing with vast number of variables 
simultaneously across large sample sets has led to the requirement of multivariate 
analysis, to obtain meaningful results. In most cases, the number of variables are 
greater than the number of samples studied. Furthermore, some studies required a 
differential analysis of more than two classes of sample which is more sophisticated. 
Therefore, multivariate analysis is an ideal approach to help in reduce the dimension 
of the data set and thus identify patterns and relationships between samples 
simultaneously. In this study, two unsupervised methods; Principal Component 
Analysis (PCA) and Hierarchical Clustering Analysis (HCA) were performed to 
visualize the clustering patterns between samples.  
 
2.9.1 Principal component analysis (PCA) 
 
PCA is one of the most commonly used tests to observe clustering patterns in a data 
set. In ‘omics’ studies, PCA helps extract the most important spectral features 
(compounds) from a data set that contribute to the largest variation between different 
samples studied representing it as new orthogonal variables called principal 
components or PCs. In this study, PCA was performed subsequent to data filtering and 




compounds responsible for the greatest variance were further identified from libraries, 
literature and/or established lipid spectral database.  
 
2.9.2 Hierarchical clustering analysis (HCA) 
 
HCA is another unsupervised form of multivariate analysis commonly used in ‘omics’ 
studies to show grouping in a data set. In this study, the dendrogram was constructed 
using Ward’s linkage rules and the Euclidean distance of the final compound 
normalized intensities. The dissimilarity distance was calculated using the MPP 
software, where, a higher value indicates more dissimilarity between groups and a 
lower value indicates high similarity between groups. In this study, HCA results were 
combined with PCA to support the separation/clustering between sites/sample set of 
soils.  
 
2.10 Compound Identification 
 
Compound identification can be done subsequent to data processing or at the very last 
stage of analysis. The only difference between the two, is the number of compounds 
to be identified; where, the latter stage involves relatively fewer compounds since 
many will have been filtered out in the downstream analysis. In this final stage of the 
adopted lipidomics workflow, the selected discriminating compounds were labelled as 
their individual base peak and retention time (e.g. 57.01@43.94). The identification 
was performed using the ID browser Identification tool in MPP, using the NIST and 
GC/MS Fiehn libraries (Agilent Technologies) with a spectral matching score of 70 
%. Subsequently, attempts to identify the remaining unknown compounds were made 
manually by comparing the extracted spectra with literature and established lipid 






2.11 Statistical analyses 
2.11.1   Unpaired t-test 
 
The unpaired t-test is a statistical test commonly used where two independent samples 
are involved. In this study, Sphagnum and sedge were two independent peat samples, 
hence, an unpaired t-test was used to help determine the final discriminant compounds. 
The selected compounds were then used to perform PCA and HCA to obtain 
separation/clustering between the Sphagnum and sedge peats.  
 
2.11.2   Kruskal-Wallis test 
 
This is a non-parametric test which often used as an alternative for ANOVA to 
determine if there are statistically significant differences between two or more 
groups/samples. However, unlike ANOVA, the Kruskal-Wallis test is performed on 
non-normal distributions of data. Typically, the character of a data distribution can be 
determined using a normality test. This study assumes the non-normal distribution data 
due to the smaller size of the data set (as well as smaller number of replicates). It was 
used to select the discriminating compounds in all data sets (except Sphagnum vs 
sedge) since the number of groups was more than two. 
  
2.11.3   Analysis of Similarity (ANOSIM) 
 
This test was is selected to compare the between a lipidomics-based approach and 
plant-wax marker analysis, as used by previous researchers for soil discrimination 
(Mayes et al., 2009). This is a non-parametric test which ranks the raw data prior to 
the analysis. The output of the test is reported as an R value, lying between 0 and 1, 
where a value closer to unity indicates complete separation between groups and zero 
indicating no separation. This test was performed together with non-metric 
multidimensional scaling (NMDS) to visualize the separation achieved from the n-





2.11.4 Non-metric multidimensional scaling ordination plot (NMDS) 
 
Analogous to ANOSIM, this test is performed for a comparative purposes between a 
lipidomics-based approach and plant-wax marker analysis, as used by previous 
researchers for soil discrimination (Mayes et al., 2009). An ordination plot is obtain 
based on a distance or dissimilarity matrix. Furthermore, this approach does not make 
any assumptions about the data so it is well suited to different data types. Like previous 
work, this test was conducted in this study to enable visualization of the site separation 
in parallel with the ANOSIM results. This test was performed for each data set using 
soil n-alkanes and n-alkanols profile, where available. 
 
2.11.5 Partial Least Square Discriminant (PLSD) 
 
PLSD is one among the five prediction model algorithms available in the MPP 
software that was used in this study. It is also a multivariate technique, like PCA and 
HCA, but is classified as a supervised method. The output of this analysis is very 
similar to PCA as it is also used as dimensionality reduction tool. In this study, PLSD 
was selected to obtain the results of the prediction model constructed in Chapters 5 
and 6. Among the five models available in MPP, the PLSDA model offers an 
advantage over the other models as it enables visualization of the separation achieved 
between samples in the output. This model was build using the primary discriminating 
compounds, determined using the statistical tests conducted prior to this (see above). 
For the model to be used for sample prediction, method validation should first be 
performed using a leave-one-out (LOO) cross validation. The performance of the 
model is evaluated based on the R2 and Q2 values generated during the development 
of the PLSDA model. These two values indicate the accuracy of the model fit and the 



















3.   Validation of the analytical workflow 
3.1 Introduction 
 
The aim of this study was to obtain a simple, robust and reproducible analytical 
protocol for lipid extraction and subsequent data processing to enable the 
characterisation and discrimination of soils. Unlike conventional protocols, which 
involve the separation of lipids into their constituent compound classes (e.g. n-
alkanoic acid, n-alcohol etc), this work aims to streamline the protocol by analysing 
the entire lipidome. It should also be noted that in this case the term ‘lipidome’ is used 
rather loosely in so far as the lipids analysed were saponified and subsequently defined 
by the volatile/semi-volatile analytical window of the GC. Two extraction techniques, 
microwave and ultrasonic extraction, were chosen based on several criteria including: 
the capability to extract large numbers of samples simultaneously, a low sample mass 
requirement and a minimal volume of solvent needed for the extraction. These criteria 
were driven by potential applications of this work where amounts of sample may be 
very limited (e.g. in a forensic or archaeology context). Furthermore, the low volume 
of solvent used by this procedure makes it more efficient and environmentally 
sustainable. The second part of this chapter aims to establish an appropriate value of 





As briefly explained in the above section, two extraction techniques, namely 
ultrasonic and microwave were compared for their ability to extract lipids from soil. 
Details of the analytical procedures used are provided in Section 2.4.2. In addition, 
the saponification treatment, conducted before or after extraction, is described in 
Section 2.4.3. Subsequently, a vital step in this study was establishing the suitable 
values for parameters in the deconvolution of the chromatographic peaks and 
alignment of their retention times. The raw spectral data of the known standards, 
acquired using GC-QTOF/MS, were further processed using Profinder software 




3.3 Results and Discussions  
3.3.1 Extraction method (microwave vs ultrasonic) 
 
As mentioned in Section 3.1, microwave and ultrasonic extraction were identified as 
‘fit-for-purpose’ techniques to be explored by this study and a detailed investigation 
was conducted to choose which was the most appropriate. Soil collected from Royal 
Fort Garden was used to conduct this experiment. For microwave extraction, two 
temperature settings were chosen, 50 °C and 70 °C, to optimize the best extraction 
conditions which were then compared with ultrasonic extraction. Comparisons were 
made by qualitative and quantitative characterisation of the total lipid extract (TLE). 
An additional criterion to be assessed was the reproducibility of the technique which 
was determined by the analysis of replicates.  
 
The TLEs were analysed by GC-FID and quantified using an internal standard (n-
tetratriacontane, n-C34) added to the sample. The results revealed that microwave 
extraction yielded a higher concentration of lipid compared with ultrasonic extraction. 
(Fig. 3.1). The highest extraction yield was achieved using microwave extraction at 
70 °C followed by microwave at 50 °C then ultrasonic extraction at 25 °C (room 
temperature). The masses of lipid extracted using microwave extraction at 50 °C and 
70 °C and ultrasonic extraction were 9.04 ± 0.39 mg g-1 TOC and 12.65 ±0.09 mg g-1 
TOC, 5.21 ± 0.38 mg g-1 TOC, respectively; the low standard errors indicate a 
consistent extraction for all techniques used. Subsequently, lipid distributions  were 










Lipid distributions for both extraction techniques can be observed from the GC/MS 
partial chromatograms depicted in Figure 3.2. The major compound classes observed 
for both extractions were n-alkanols, n-alkanoic acids, and ω-hydroxyalkanoic acids. 
The n-alkanols ranged from C15 to C30 dominated by long-chain homologues (>C20) 
whereas the n-alkanoic acids ranged in chain length from C14 to C32 maximising at 
C16; both n-alkanols and n-alkanoic acids exhibit an even-over-odd carbon number 
preference. ω-hydroxyalkanoic acids ranged between C22 to C30 in both ultrasonic and 
microwave extraction derived samples. In addition, the n-alkanes detected in both 
samples were limited to the C29 and C31 homologues. Other compounds detected in 
the extracts for both methods included ferulic acid, phytol, cholesterol, stigmasterol, 
ß-sitosterol, 5α-stigmastanol, as well as several triterpenoids as shown in Figure 3.2. 
The higher mass yield obtained using microwave extraction demonstrates a better 
extraction efficiency compared to ultrasonic extraction. This agrees with previous 
findings by Kornilova and Rosell-Melé (2003) who conducted a study to compare the 
yield of biomarkers (alkenones and chlorins) extracted, using microwave and 
ultrasonic techniques, from marine sediment. They found that temperature is the key 





























alkenones were improved up to 68 % at 70 °C when performed using microwave 
extraction technique, but decreased when higher temperatures were used (from 80 °C 
to 110 °C). Conversely, the yield of chlorins was found to be similar as with ultrasonic 
extraction method when performed from 50 °C to 80 °C. In contrast to alkenones, 
further increases in the yield of chlorins were obtained when higher temperature were 
applied (90 °C to 110 °C) with the microwave extraction technique. This demonstrates 
that the extraction efficiency does not solely depend on the temperature but is also 
influenced by the chemistry of the compound and extraction solvent. 
 
Furthermore, a closed system as used in a microwave extractor enables the extraction 
to be carried out under high temperature (higher than the solvent boiling point) since 
the system is pressurized (Kornilova and Rosell-Mele, 2003). As a result, high 
temperature can be applied which enhances the diffusion and desorption process 
between the solvent and the matrix, caused by the heat energy, thereby increasing the 
efficiency of the extraction (Camel, 2001; Hernandez-Borges et al., 2006). However, 
the extraction efficiency was also found to be lower at certain temperatures. This is 
observed in this study where, at a temperature higher than 50 °C and 70 °C, i.e. 100 
°C, the solvent evaporated and condensed on the outer wall of the glass extraction 





Figure 2.6:  Partial GC/MS chromatograms observed for (a) microwave extraction (b) ultrasonic extraction. Key:  n-alkanoic acids 




Therefore, no results were reported for the extraction at 100 °C as they were not 
comparable. This technical problem resulted from a lack of pressure control for the 
instrumentation used hence 70 °C was selected as the best compromise temperature 
to be used for microwave extraction. It is also worth noting that, since the optimum 
temperature for microwave extraction differs depending upon the compound class 
extracted (Kornilova and Rosell-Mele, 2003; Merdassa et al., 2013) and solvent 
system used for the extraction (Parera et al., 2004), in this study, the same solvent 
system was used for both extraction techniques enabling a comparison to be made. 
Another cause for concern is the potential degradation or chemical reaction of 
compounds at higher temperatures as observed by Liazid et al. (2007) who suggested 
that microwave extraction works best only up to 100 °C for the extraction of phenolic 
compounds. Higher temperatures were observed to result in degradation of 
compounds.  
 
Overall, it can be concluded that the most optimal extraction efficiency is achieved 
using microwave extraction although both microwave and ultrasonic extraction 
demonstrate an equal ability for extracting the wide a range of lipids required to 
discriminate between samples. In addition, the volume of solvent used in both 
techniques is also fairly similar. Despite a slightly lower extraction efficiency, 
ultrasonic extraction enables more than 24 samples to be extracted simultaneously 
which is an advantage when dealing with large number of samples in a data set thereby 
enabling more comparable results due to single batch extraction. Furthermore, the 
lower temperature required for the ultrasonic extraction is more energy efficient and 
environmentally sustainable. Therefore, ultrasonic extraction was used for the 
subsequent analyses since it is more rapid, cheaper and energy efficient whilst still 
providing a suitable, yet a diverse range of lipids for downstream analyses and data 
processing. The use of ultrasonic extraction is also favoured in the previous work 
involving lipidomic studies (Witting et al., 2014; Patil et al., 2016). 
 
3.3.2 Saponification (pre-extraction vs post-extraction) 
 
As stated in section 3.3.1, ultrasonic extraction was chosen as the preferred method of 
extraction and used to investigate saponication at different points in the experimental 




results obtained were compared. The aim of this part of work was to assess the effect 
of the two saponification steps on the lipid distribution considering its reproducibility 
and practicality for use in a lipidomics workflow. As shown in the Figure 3.3, the total 
mass of lipid extracted following saponification was marginally higher compared to 
the mass obtained after saponification of the lipid extract 30.24 ± 4.38 mg g-1 TOC 




Figure 2.7: Total lipid extract obtained from pre-extraction saponification and 
post- extraction saponification. 
 
The major compound classes observed in the extracts from both treatments were n-
alkanols, n-alkanoic acids and ω-hydroxyalkanoic acids as shown in Figure 3.4. All 
compound classes exhibited an even-over-odd carbon predominance. The n-alkanols 
ranged from C16 to C32 whereas, n-alkanoic acids ranged from C12 to C32, maximising 
at the C16 homologue. A high abundance of longer chain (>C20) ω-hydroxyalkanoic 
acids was observed in both samples ranging in chain-length from C22 to C32, 
maximising at the C28 and C30 homologues. It is noted that the saponification treatment 
does not affect the range of all the major compound classes detected. Interestingly, a 
homologous series of dialkanoic acids ranging from C22 to C32 were only observed in 





























acid series including vanilic acid, syringic acid and ferulic acid were detected in the 
post-extraction saponification sample only. In both samples, the C31 homologue was 
the only n-alkane observed in the lipid extract. Other compounds extracted included 
campesterol, ß-sitosterol, triterpenoids and several unidentified compounds.  
 
The mass of lipid obtained from the pre-extraction saponification protocol was 
marginally higher than that obtained from the post-extraction saponification protocol. 
For the former, base hydrolysis was conducted directly on the soil. Theoretically, 
hydrolysis of soil will hydrolyse complex lipids (e.g. esters) into simpler constituents 
(e.g. organic acids and n-alkanols). It also liberates non-extractable ester bound lipids 
which are strongly adsorbed within the organic matrix thereby providing more lipid 
compounds available for extraction (Bull et al., 2000). Therefore, it is expected that 
for the pre-extraction saponification protocol, the yield of lipids extracted will be 
higher and there will also likely be a greater lipid diversity. Surprisingly, the yield of 
lipid was not as high as expected compared to post-extraction saponification and, 
moreover, the range of lipids extracted exhibited a similar diversity as the post-
extraction protocol, as seen in Figure 3.4. 
 
Naafs and van Bergen (2002), in their study of the effect of pH adjustment after base 
hydrolysis, also observed a predominant input of ω-hydroxyalkanoic acid and n-
alkanoic acids following base hydrolysis of soil and subsequent acidification. 
Furthermore, they suggested that hydrolysis of soil, as done in the pre-extraction 
saponification step, will not only hydrolyse ester bound lipids but will also cause other 
organic substances (e.g. phenolics, saccharides and flavonoids) to dissolve. 
Subsequently, acidification of the hydrolysate can lead to co-precipitation of any 
humic substances creating new insoluble organic complexes in which the hydrolysis 
products may be adsorbed or occluded thus preventing them from being extracted in 
the subsequent step. This phenomenon explains why a few lipids and several phenolic 
acids (syringic acid, vanilic acid and ferulic acid) were not extracted efficiently in the 





Figure 2.8: Partial GC/MS chromatograms observed for TLEs resulting from (a) pre-extraction saponification, and (b) post-extraction 





For both treatments (pre-extraction saponification and post-extraction saponification), 
a homologous series of ω-hydroxyalkanoic acids, at relatively high concentrations, 
was observed suggesting significant input from hydrolysed natural biopolyesters 
(suberin and cutin) (Kolattukudy, 1981; Pollard et al., 2008) as well as from estolides 
(Bull et al., 2000). The latter is a polyester reported to exist as in a freely extractable 
form therefore observed when the TLE is saponified after sample extraction (Bull et 
al., 2000). In contrast, a relatively low concentration of α,ω-dialkanoic acids as 
observed in the post-extraction samples, probably resulting from the relatively lower 
proportion of these compounds in soil as the source of this compound is primarily 
from the plant roots (Kolattukudy, 1980; Bull et al., 2000). Since in this study, only 
surficial soil was collected resulting in a small input from roots, a low concentration 
of this class of compound might be expected. However, none of the α,ω-dialkanoic 
acids were observed in the pre-extraction saponification samples, potentially due to 
the interaction of the α,ω-dialkanoic acids with other molecules/macromolecules in 
soil as a result of acidification.  
 
It is suggested that the α,ω-dialkanoic acids are released from larger molecules (e.g. 
suberin) during the hydrolysis and are freely extractable but after acidification to pH 
5 or 6, all the α,ω-dialkanoic acids are protonated, making them more hydrophobic 
and more likely to precipitate and be exposed to physical interactions with other large 
organic or inorganic molecules present in the soil matrix (Naafs and van Bergen, 
2002). The same phenomenon is also likely to affect (to a lesser extent) the 
hydroxyalkanoic acids in the saponification-prior-to-extraction procedure but the 
input of hydroxyalkanoic acids was far higher and therefore these compounds were 
still available at high concentration for extraction. This assumption considers the mass 
of lipids extracted (Figure 3.3), where the total lipid mass was only marginally higher 
for the protocol involving pre-extraction saponification.  
 
A drawback of the post-extraction saponification is that the volume of solvent added 
to the sample after acidification varied dependent on the amount of acid added during 
the acidification step to make up the appropriate ratio of the Bligh-Dyer solvent. This 
might increase the variability of the concentration of extracted compounds and hence 




obtained for both extracts, as depicted in the chromatograms (Figure 3.4), and 
considering the lower variation of the total lipid mass extracted in post-extraction 
saponification indicated by relatively lower standard error, the post-extraction 
saponification was adopted for the lipid extraction of all samples studied. 
 
3.4 Chromatogram deconvolution and retention time/compound alignment 
 
As in any ‘omics’ research involving GC/MS data, deconvolution is an important 
initial step in data processing involving baseline correction, noise elimination and 
peak picking (compound perception). The importance of this step in ‘omics’ work in 
bridging the gap between raw data and meaningful statistical analyses, hence, the 
reliability of the results reported in a study, cannot be overstated. In this study, this 
step was conducted using Mass Hunter Workstation Profinder B.08.00 (Agilent 
Technologies Ltd., Cheadle, UK), followed by further treatment downstream using 
Mass Profiler Professional (MPP) (Agilent Technologies). The deconvolution outputs 
from Profinder were converted into .CEF files which are compatible with the MPP 
software. In order to optimise the deconvolution parameters, five mixtures containing 
eleven compounds: palmitic acid, stearic acid, n-tetracosane, n-hexacosane, n-
octacosane, coprostanol, epicoprostanol, cholesterol, 5α-cholesterol, and n-
tetratriacontane and n-hexatriacontane were used. All five mixtures were prepared at 
different concentrations to model the various ranges of compound concentrations that 
might be observed in a real sample (Appendix A). The mixtures were then converted 
to the corresponding trimethylsilyl derivatives prior to analysis by GC/MS. The 
elution times observed for all compounds fell in between 20 to 50 min as depicted in 






Figure 2.9: Partial chromatogram of one of the standard mixtures used in the 
deconvolution study. 
 
Deconvolution and retention time alignment was performed using the ‘batch 
molecular feature extraction’ algorithm. The parameters involved are used by three 
main steps: (1) extraction parameters, (2) compound binning and alignment, and (3) a 
post-processing filter. Initially, compound binning and alignment values were 
determined by setting the other parameters to their default settings. For compound 
binning and alignment, the input value varies between data sets and can be determined 
from manual inspection of the retention time drift for the whole analysis. The retention 
time tolerance value obtained is the difference between the highest and the lowest 
elution time for a compound across the whole data set as shown in Figure 3.6. It is 
recommended to increase the retention time (RT) value from the calculated RT drift 
to account for any slight additional errors. For this deconvolution study, the RT 
tolerance used was 0.04 min. At the end of this step, the final parameters were chosen 
based on the number of compounds found in all samples as it was expected that a total 





Figure 2.10:  An overlaid peak of n-octacosane used to calculate the retention time 
drift in the analysis. 
 
For the extraction parameters, two parameters that influence the mass spectral results 
were adjusted; these being the ‘peak filters’ and the ‘compound ion count threshold’. 
Only ion peaks above an entered value and a compound above the entered ion count 
threshold, respectively, are selected. For the peak filter, the value was determined 
visually from the data acquisition software. This filtering aims to eliminate lower 
abundance ion peaks, derived from instrument noise, which do not arise from 
compounds of interest, this also increases the rate of data analysis. The default value 
is 300 counts, however, for this study, a minimum value of 500 was chosen and several 
other higher values including 1000, 3000, 8000 and 15000 were also studied in order 
to evaluate the effects on the results. Total compound found are reported in the bar 







Figure 2.11: A bar chart showing the total number of entities found after 
chromatogram deconvolution were carried out at different peak filter 
values. 
 
The chart shows that the number of entities found in the mixtures decreases as the 
value of the peak filter increases. Interestingly, lower values of the peak filter (500) 
also result in fewer entities being selected, i.e. 500 vs 1000, where 500 results in 67 
entities and 1000 results in 72. However, the output, shows several missing ions in the 
mass spectrum when the filter value is set too high. Figures 3.8-3.10 depict mass 
spectral outputs of compounds in the mixture that are affected due to a higher value 
set for the peak filter. The figures show how peak filter values of 3000, 8000 and 
15000 result in an incomplete representation of the mass spectrum. Such missing 






























Figure 2.12: The mass spectrum output of n-hexatriacontane of five known standard 
mixtures when applying a peak filter parameter of 3000 counts during 




Figure 2.13: The mass spectrum output of n-hexatriacontane of five known standard 
mixtures when applying a peak filter parameter of 8000 counts during 





Figure 2.14: The mass spectrum output of n-hexatriacontane of five known standard 
mixtures when applying a peak filter parameter of 15000 counts during 
deconvolution step using Agilent Profinder software. 
 
As shown above, a higher peak filter value (3000, 8000, 15000) leads to the loss of 
the M+● ion peak of the n-hexatriacontane in some of the mixtures. In this study, the 
two n-alkanes; n-tetratriacontane and n-hexatriacontane were present at relatively 
lower concentrations in both standard mixtures 2 and 3, respectively, resulting in their 
M+● being discarded in the final mass spectrum. Particularly for n-alkanes, the M+● 
ion peak is essential to determine the number of carbons in the compound and hence 
their molecular formula. Similar problems also can be observed for other classes of 
compound with low intensity ions in their mass spectra that may convey vital 
information for identification (e.g. n-alkanols). When the peak filter value is too high, 
lower ion peaks will be filtered out from the mass spectrum, again resulting in an 
incomplete mass spectrum. The results show that lower values generally led to more 
compounds being selected in samples along with better quality mass spectra. Ideally, 
for this study, the best value of the peak filter has to take into account both the 
preservation of ion peaks in the mass spectrum output, particularly for lower 
abundance compounds, and the number of compounds reported in a sample (as in this 
experiment we know the number of compound in the mixture). At this stage, 500 was 
chosen to study subsequent parameters since this value resulted in fewer compounds 





For the ion count threshold parameter, several values were chosen including 5 
(default), 10, 15, 30 and 50. Figure 3.11 shows the total number of compounds 
reported as an output of all mixtures using the selected ion count thresholds. The bar 
chart indicates a decrease in the number of compounds reported as the ion count 
threshold is increased. Higher values (e.g. 50) result in the removal of compounds 
with fewer ions and therefore, reduces the number of compounds in the output (e.g. 
there are 27 compounds reported when the ion count threshold is 5 whereas only 12 
compounds when the value is 50). Analogous to the previous parameter, an 
appropriate value helps to filter out unreliable chromatographic peaks that might be 
due to contaminants present at low concentrations in the sample. Despite this study 
utilising a known mixtures of standards it was considered prudent to set this value 
slightly lower to ensure that true compounds in ‘real’ sample data sets were not 
excluded. Figure 3.11 shows that even at the highest ion count threshold (50), all 
expected compounds were still present in the standard mixtures. For subsequent 
analysis, 50 was used for the ion count threshold parameter. 
 
 
Figure 2.15: A bar chart representing the total number of compounds reported in all 
standard mixtures using different ion count thresholds in the 




























Another important set of parameters for the deconvolution step are the post-processing 
filters. Two such parameters are Molecular feature extraction (MFE) filters, 
comprising ‘absolute height’ and ‘score (MFE)’. These two parameters determine the 
minimum requirement for a compound to be included based on its chromatogram peak 
height. The appropriate absolute height value can be estimated from a compound with 
the lowest response in the data set by examining the raw data. For each of the 
compounds that pass the absolute height filter, the score value is then used to indicate 
how good the compound is based on several factors including: peak shape, signal-to-
noise, mass accuracy and spacing between grouped m/z. A compound must pass both 
filters, for it to be reported in the final output. Subsequently, a minimum filter match 
was used to increase the level of data quality by determining a minimum number of 
samples in which the compound passes. This ensures that only compounds giving a 
consistent response are extracted from the data set. For the deconvolution study, 
several absolute height values were chosen including 2000 (default), 5000, 10000, 
50000 and 70000. For each of the absolute height studies, the score was set to 70 with 
a compound having to pass the filters in all samples. The results show that at relatively 
lower absolute height (2000, 5000, 10000), 13 compounds were reported in the output 
and as the absolute height value increased to 50000, 70000 and 100000, this number 
reduced to 11 (Figure 3.12). Therefore, for the standard mixtures prepared, an absolute 
height of at least 50000 was used since only the  eleven compounds contained in the 






Figure 2.16: A bar graphs showing the number of compounds reported in the 
standard mixtures at different absolute height values with a minimum 




However, this absolute height value is not necessarily appropriate for other data sets. 
It must be determined by evaluating samples using the data acquisition software. It is 
also recommended that the ‘minimum filter matches’ parameter is set to a less 
stringent tolerance in order to compensate for sample variability. For instance, this 
filter can be set to more than 50 % to ensure that only true, non-contaminant 
compounds within any specific replicate group are selected. The minimum filter 






























Figure 2.17: Bar graphs showing number of compounds reported in the standard 
mixtures at different absolute height values is higher when the 
minimum filter match of 1 in the deconvolution step using Agilent 
Profinder software. 
 
Figure 3.13 above was obtained from similar absolute height values used previously 
but with the minimum filter matches being set to only 1. The bar graph shows that the 
total number of compounds reported in the output with absolute height values of 2000, 
5000 and 10000 increases from only 13 to 37 compounds compared to when the 
‘minimum filter matches’ parameter is set to 5. Therefore, the appropriate value must 
be determined based on the nature of samples as well as the goal of the analysis. For 
this deconvolution study, the final values for each parameter found to be the most 
suitable were as follows: peak filter = 500 counts, ion count threshold = 50, RT 
tolerance = 0.04 min, absolute height = 50000, score = 70, minimum filter matches = 
5. The alignment outputs observed for all compounds are shown in Appendix B.  
 
For the soil data sets generated in this study, it is expected that the values of the 
parameters may be vary slightly from the values established from known standards. 
Furthermore, deconvolution and alignment steps were conducted using the ‘batch 
recursive feature extraction for small molecules’ algorithm as it enables two steps of 




























is more useful for complex samples. However, the first three parameter are still similar 
to the ‘batch molecular feature extraction’ algorithm and therefore the values obtained 
using the standard mixtures are still applicable. Finally, the deconvoluted and aligned 




















Soil discrimination is a useful tool for forensic science to facilitate crime 
investigations involving soil as evidence. Much research has been conducted to 
investigate ways of  accurately discriminating between soils utilizing its inorganic 
(Pye and Blott, 2009; Guedes et al., 2011; Cheshire et al., 2017) and/or organic 
components as well as the soil microbial community. Within the organic component 
of soil, lipids constitute a diverse class suitable for forensic analysis due to their innate 
recalcitrance in the soil environment, surviving in an unaltered or only partially altered 
state for up to hundreds or million years depending upon the specific functionalities 
of the compounds involved (Pancost et al., 2002; Dawson and Hillier, 2010; Dungait 
et al., 2012). Moreover, lipids may often be associated with a particular input or 
process (e.g. vegetation) that enables the determination of their origin.  
 
The lipid composition of soil varies in response to the soil physical properties (e.g. 
soil type) as well as organic matter input, be it natural or anthropogenic. The soil 
properties determined by the composition of sand, silt and clay effect the amount of 
lipid preserved in soil as it is better stored within the fine particle; clay fraction ( < 
0.002 mm) (Quenea et al., 2004). In most soils studied, natural inputs are a prime 
source of lipids, which mainly derive from overlying vegetation either in extractable 
form (e.g. plant wax markers) and/or -bound lipids (e.g. cutin and suberin) and soil 
microbes (e.g. PLFAs) whereas anthropogenic inputs can be traced by the presence of 
known contaminants (e.g. plasticizers or oil). This has been reported in many 
communications which reported similar lipid distributions in overlying vegetation and 
the soil (Bull et al., 1998; van Bergen et al., 1998; Bull et al., 2000; de Assis et al., 
2011) indicating that a direct input from vegetation is the dominant lipid input, 
particularly in the surface soil. More interestingly, soil lipids exhibit a subtle 
difference on a local geographical scale, based on the differences in such input (i.e. 
differing vegetation cover), and are therefore for discriminating between soils at 





A considerable number of communications have been published concerning the lipid 
profile determined for environments with differences in the vegetation they support 
(e.g. grassland/pasture) (Bull et al., 2000; de Assis et al., 2011). Moreover, different 
land-use, particularly agricultural soils, which involve different fertilizer applications, 
have been found to exhibit a variation in soil lipid composition as well as, in some 
cases, alteration of the soil pH that, in turn, affects vegetation and soil microbial 
activity leading to a higher accumulation of lipids (Otto et al., 2005; Nierop et al., 
2006; de Assis et al., 2011). Bull et al. (2000) reported the lipid profiles in soils 
collected from different long-term experiments at Rothamsted, Hapenden, UK. 
Analyses were performed on soil under grassland (Park Grass), woodland (Broadbalk 
Wilderness and Geescroft Wilderness) and soil under a crop of spring barley showing 
that the lipids present derived, primarily, from the overlying vegetation. For example, 
grassland soil from the Rothamsted experiment exhibited a dominant input of n-
hexacosanol, derived from rye grass and mixed herbs, whereas soil under woodland 
exhibited a relatively higher abundance of n-tetracosanol, derived from common oak 
and sycamore. Similar observations were reported by Nierop et al. (2005) who studied 
the lipid distribution of soil under common oak from a sandy dune area west of 
Amsterdam, Netherlands. The relatively high concentration of n-hexacosanol has been 
reported as an indicator of a dominant grass input to soil (van Bergen et al., 1998; 
Nierop et al., 2006; Mueller et al., 2012). In addition, soil under spring barley was 
analysed to determine the longevity of a manure derived lipid signal where manure 
was applied as fertilizer in some plots of an experimental field. The input was 
monitored using 5β-stanols, faecal biomarkers, and revealed the persistency of a 
manure derived input even after 113 years (Bull et al., 2000). 
 
Large numbers of studies concerning lipid distributions in soil have focused on the 
most prominent free-extractable aliphatic lipid classes (i.e. n-alkanes, n-alkanols, n-
alkanoic acids etc.) where comparisons between the individual lipid functional class 
distributions for different soils are made. However, in many cases, differences are not 
apparent as these plant-wax lipids occur in all soils. In contrast, cutin and suberin are 
complex natural biopolyesters composed of esterified lipids deriving from the above-




Nierop et al., 2006; Mueller et al., 2012). Cutin and suberin comprise lipid monomers, 
the former primarily consisting of C16-hydroxyalkanoic acids and the latter a mixture 
of organic acids including n-alkanoic acids, ω-hydroxyalkanoic acids and α,ω-
alkanedioic acids (Kolattukudy, 1981; Nierop  et al., 2006). The composition of these 
monomers varies in different tree species as well as in different parts of plants (e.g. 
leaf vs root) as demonstrated in the work conducted by Mueller et al. (2012), which 
reports the variation of lipid composition between evergreen conifers, deciduous 
broadleaved angiosperms and deciduous conifer species. The results showed that 
polyhydroxyalkanoic acids and ω-hydroxyalkanoic acids were among the most 
important lipids that enabled differentiation between the trees species and the plant 
organs together with long-chain n-alkanols, which were also found to be present in 
relatively high concentration in the leaf and roots of deciduous broadleaved 
angiosperms compared to conifers (Mueller et al., 2012).  
 
Pine forest soil is commonly characterized by the presence of diterpenes such as 
dehydroabietic acid and/or abietic acid, which are derived from pine resin (Hjulström 
et al., 2006; Nierop et al., 2006; Otto and Simpson, 2006; de Blas et al., 2013), hence 
these compounds have been used as specific biomarkers for pine. The stability of these 
compounds was shown when dehydroabietic acid was found consistently through a 50 
cm soil profile under Corsican pine (Nierop et al., 2006). More interestingly, the 
recalcitrance of these diterpenoids (diterpenes including dehydroabietic acid, methyl 
dehydroabietate, abietic acid and retene) has enabled their detection in archaeological 
soils and been ascribed to the manufacture of pine tar during the Roman period 
(Hjulström et al., 2006).  
 
These examples clearly demonstrate the uniqueness of lipid profiles in soil from 
different vegetation and land-use, which could provide a better discriminative 
capability to distinguish between different soils. Forensic studies, using the major 
classes of plant wax lipids to discriminate between soils have already been conducted 
(e.g. Mayes et al., 2009). However, several other studies have highlighted the caveats 
associated with this approach where the composition of plant-derived n-alkanols and 
n-alkanes were hardly distinguishable unless combined with other techniques or other 




better clustering of needle, root and different soil horizons under pine vegetation when 
using a combination of extractable and ester-bound lipids rather than single lipid class 
and individual compounds. This is because not all markers are source specific and the 
use of individual lipids or lipid classes, can result in low discrimination between sites, 
especially when they involve only subtle differences in soil and/or overlying 
vegetation.  
 
An alternative lipidomics-based approach, utilizing the whole (GC amenable) 
lipidome for discriminating between soils from different environments or under 
differing land-use regimes, represents a more impartial, holistic approach. With the 
help of appropriate statistical tools, this may provide better discrimination between 
soils of interest. This chapter aims to demonstrate the use of a lipidomics-based 
approach, using appropriate statistical analyses, to differentiate between soils collected 
from different geographical locations as well as under different overlying vegetation. 
For comparative purposes, the plant wax markers, n-alkanes and n-alkanols were also 
characterised and the results obtained were used to perform analysis of similarity 
(ANOSIM) and non-metric multidimensional scaling ordination plot (NMDS) 
statistical tests adapted from the method used by previous researchers for soil 
discrimination (Mayes et al., 2009). 
 
4.2 Site description 
 
Eight sites were chosen from around Bristol and the southwest of England from 
various environments representative of different types of vegetation and land-use, they 
included: grassland, coniferous forest, ancient deciduous woodland, moorland, 
urbanised park and a near-lake environment. Many of the sites were located in Bristol 
with a few soils being collected from further afield between May and September 2014 
(Figure 4.1). Descriptions of each sampling site are detailed in Table 4.1 and images 











Table 4.1: Location, land use and description of the eight sites from form which soils 
were collected between May and September 2014. 






Woodland May All soils were collected nearby trees. The 
ground was densely covered with leaf 
litter and small tree branches with very 




Grassland May Soils were taken from an open area with 
only grass growing on the land. The site 
was located near to the road and the 
sampling area is heavily used by the 








June Soils were collected from a coniferous 
stand of trees located within the Forest of 
Dean. Other overlying vegetation 
included ferns, grass and other 






July This site was an open area with grass as 
the dominant vegetation and nearby 
mature trees. This park was constantly 
used by the general public for 
picnicking, jogging, cycling and other 
outdoor activities. It was also near to a 
residential area. All three sites were 
collected in between trees in an area rich 




Lake July All soils collected from this site were 
about 5-7 meters from the lake edge. 
Two samples were taken from near trees 
and bushes where the collection area was 
clear of overlying vegetation but slightly 
covered with leaves and branches 
whereas other soils were taken from an 
area with a mixture of overlying 








Woodland September This ancient woodland is a National 
Nature Reserve located in Dartmoor 
National Park, Devon. The sampling 
area was dominated by ancient oak trees 
and most of the area was covered with 
granite rocks embedded in the ground. 
The rocks were coated with lichens and 
mosses. The aboveground vegetation 
comprised grass and ferns. Samples were 
collected in between rocks and nearby 
trees, closer to grass and were rich with 







September This area was dominated by coniferous 
trees as the dominant vegetation. This 
area had been disturbed where the trees 
had been cut and left on the ground. 
There was no overlying vegetation 
except some partially cover by mosses. 
All soils collected were in between the 
trees and were covered with dried 
grass/leaf and branches. Soils collected 
were spongy as a result of high 








September This site is regularly accessed by the 
public. It is a highland area dominated by 
grass, heather and gorse as aboveground 
vegetation. Ponies and sheep are also 
present at times. Soils in this area were 
compacted, containing small rocks. All 












4.3 Sampling and sample treatment 
 
Organic detritus was removed from the topsoil of the sampling area. Soils were taken 
from the top 1-5 cm of each site using a spade and placed in a furnaced glass jar. 
Triplicate soils, located at a distance of 2-50 m from each other, were taken from each 
site, giving a total of thirty samples. After sample collection, soils were freeze-dried 
to remove water. Subsequently, the dried soils were sieved through a 2 mm grating to 
remove large detritus (twigs, stones, leaves etc.). Each soil was then sub-sampled for 
pH measurement and elemental analysis. The remaining soil was ground using a 
mortar and pestle prior to sieving through a 250 µm grating to remove smaller roots 
and for homogenisation of the sample. The pH measurements were carried out in the 
supernatant (1:5 w/v) soil:water using a portable pH meter (Birgander et al., 2014). 
The mixture was shaken to ensure homogeneity and allowed to settle for a day prior 
to the measurement being taken. The measurement was made three times for each 
sample in order to calculate a mean and standard deviation. 
 
4.4 Soil particle distribution for determination of soil texture 
 
Soils were treated prior to analysis to remove organic matter in the soil as it facilitates 
the distribution of the soil particles during analysis (Jensen et al., 2017). In this study, 
each soil was placed in a beaker which was then covered with tin foil and heated in a 
furnace at 450 ˚C for at least 16 h. The temperature chosen is high enough to 
decompose organic matter present in the soil. Subsequently, soils were analysed using 
the Mastersizer 3000 (Malvern), a laser diffraction particle analyser attached to the 
Hydro EV (Malvern). Five replicate measurements were performed for each soil to 
assess the stability of the samples and dispersion. A final measurement was then 
obtained from as an average of the 5 replicate measurements. The analyser was rinsed 
four times with deionized water between each sample. The results were reported as a 
percentage composition of three different particle size range:< 0.2 µm (clay), 0.2-63 
µm (silt) and > 63 µm (sand). Finally, the soil type was determined based on the Soil 





Table 4.2: A summary of particle size composition and type for soil from each site. 
Site Composition of Clay:Silt:Sand (%) Soil type 
Blagdon lake  0:42:58 Sandy loam 
Leigh Wood 0:88:12 Silt 
Wistman’s Wood 0:45:55 Sandy loam 
Clifton Down 19:57:24 Silt loam 
Clevedon Bay 0:65:35 Silt loam 
Moorland 0:77:23 Silt loam 
Forest of Dean 0:89:11 Silt 
St. George Park 0:74:26  Silt loam 
 
4.5 Data Acquisition and Data Analysis  
 
All derivatized samples were analysed using a 7200B GC-QTOF/MS (Agilent 
Technologies) in a single batch which included standards (FAME standards), blanks 
and quality control samples to minimize the variation caused by instrument drift and 
monitor the analytical performance throughout the batch analysis. The time for each 
FAME standard analysis and sample analysis was 35 and 65 min, respectively. QC 
samples and blanks were inserted in between several samples throughout the sequence. 
Upon completion of the whole batch analysis, the raw data were evaluated using Mass 
Hunter Qualitative Analysis (Version B.07.00, Agilent). The variation in retention 
time was examined by overlaying the chromatograms of all samples in the data set. 
The n-tetratriacontane (n-C34) peak in each sample were identified and the retention 
time difference of the peak was calculated, for each analysis, to determine the retention 
time drift as shown in Figure 4.2. The raw data were then exported into Mass Hunter 






Figure 4.2: Partial GC/MS chromatograms of thirty samples overlaid using Agilent 
Mass Hunter Qualitative Analysis software to determine the retention 
time drift in these data set. The n-tetratriacontane peak were used to 
evaluate and measure the retention time drift. 
 
4.6 Results and discussions 
4.6.1 Total organic carbon and soil pH 
 
The OC values for the soils were determined from elemental analysis by subtracting 
the inorganic carbon values from the total carbon (Section 2.5.1). Figure 4.3 shows 
the large variation in organic carbon content between the eight different soils ranging 
from 2.3 ± 0.4 % at Blagdon Lake to 46.0 ± 1.8 % at Bellever Forest. In addition, a 
large variation in the organic carbon content can also be observed within sites such 
as: Forest of Dean, Leigh Woods and Wistman’s Wood indicated by a relatively high 
standard error (> 3.5). This variation could be due to specific organic inputs at 
sampling points although each point was less than 50 m from each other. The urban 
park; St. George Park, grassland; Clifton Down and the lake soils; Blagdon lake, 
exhibit high pH values (pH > 6) whereas soil from the woodlands, coniferous forest 





Figure 4.3 shows that, in general, the OC and pH exhibit an inverse relationship with 
higher organic content associated with low soil pH and vice-versa. This trend clearly 
shows better preservation of organic matter in low pH soil, most likely due to 
differences in the microbial community activity in response to the physical 




Figure 4.3: Percentage TOC (bar graph) and soil pH (line graph) of eight individual 
sites in this data set (std error, n=3). 
 
 
4.6.2 The occurrence of lipids in different soil environment 
 
The lipid distribution of individual soils will be discussed only briefly, primarily with 
reference to soil pH (high pH vs low pH), as a qualitative assessment of the major 
lipid components was not the main aim of this work. Figure 4.4 and 4.5 depict partial 
gas chromatograms of the total lipid extracts (TLEs) representative of all sites studied. 
The wide range of lipid compound classes (e.g. n-alkanoic acids, n-alkanols, α,ω-
alkanedioic acids, ω-hydroxyalkanoic acids, steroids, pentacyclic triterpenoids, 
glycerol ethers) occur at different relative concentrations for each site, although the 




ω-hydroxyalkanoic acids). A homologous series of n-alkanoic acids exhibit an  even-
over-odd predominance ranging in carbon number from C12 to C30/C32 at all sites 
studied and maximising at either the C16, or C18:1 homologous at sites with higher pH. 
The Wistman’s Wood site, despite having a lower soil pH, nevertheless exhibits the 
highest relative concentration of C16 n-alkanoic acid. It is interesting to note that a 
higher proportion of shorter chain n-alkanoic acids, particularly the i-C15 and a-C15 
components can be observed in all high pH soils. These shorter chain n-alkanoic acids 
are indicators of microbial inputs to soil (Kaneda, 1991; Otto et al., 2005; de Blas et 
al., 2013), and the lower contribution of these lipids to soils taken from Forest of Dean, 
Bellever Forest and Moorland (low pH) is most likely due to the inhibition of 
microbial activities in these acidic soils (van Bergen et al., 1998). In addition, except 
for Wistman’s Wood, lipid distributions observed in soils with low pH value (pH < 5) 
contain a dominant distribution of ω-hydroxycarboxylic acids. Two coniferous forest 
sites (Forest of Dean and Bellever Forest) exhibit prominent C20 and C22 ω-
hydroxyalkanoic acid components, with the Forest of Dean exhibiting a relatively 
wider range of this homologous series ranging from C18 to C32. The Moorland site is 
also dominated by ω-hydroxyalkanoic acid homologous series ranging from C22 to C32 
and maximising at C28 and C30. Another compound class detected is a homologous 
series of α,ω-alkanedioic acids which range from C20 to C34 (range varies for each 
soil) in soil with a lower pH as well as those taken from Clifton Down, however, it is 
not observable in soil from the Leigh Woods, St. George’s Park and the Blagdon Lake 
sites. In contrast to n-alkanoic acids and ω-hydroxyalkanoic acids, the occurrence of 
α,ω-alkanedioic acids in soils occurs at much lower relative concentration. 
 
Another class of lipid observed in the soils were 1-O-monoalkyl glycerol ethers 
(MAGEs), particularly those comprising i-C15 and C16 moieties which were present at 
relatively high concentrations in the higher pH soils. The presence of MAGEs has 
been ascribed to bacteria (gram-negative and positive) as well as fungi (Wang and Xu, 
2016). Again, the absence of these compounds in the Forest of Dean, Bellever Forest, 
Moorland and Wistman’s Wood soils is likely due to lower microbial activity as a 
result of the soil acidity (pH < 4). Cyclic lipids including sterols, stanols and 
triterpenoids were found in most soils with β-sitosterol found to be the most abundant 




with relatively higher relative concentrations at both woodland sites: Wistman’s 
Wood and Leigh Woods. These two compounds are products of α- and β-amyrin, 
respectively, which likely derives from woody species. In contrast, these compounds 
were only found at relatively lower concentrations in other soils.  
 
Dehydroabietic acid is found in soil from the Forest of Dean, which is dominated by 
pine trees but not in Bellever Forest which had similar vegetation cover. However, 
since the compound co-elutes with the C20 n-alkanol, as shown in Forest of Dean, it 
could possibly be present in the Bellever Forest soil but at a much lower concentration 
hence, making the mass spectrum difficult to extract from the TIC. As expected, 
dehydroabietic acid is not observed in soils from other sites as it is a specific 
biomarker for pines (Costa et al., 2016). It is also noted that a series of polyaromatic 
hydrocarbons (PAHs) including phenanthrene, anthracene, fluoranthene, pyrene, 
naphthacene, chrysene, benzo[a]pyrene and benzo[b]fluoranthene were present in 
soils obtained from St. George Park and perylene was observed in a soil collected 
from Victoria Park. As described in Section 4.2, these two sites were publicly 
accessible and used for various activities which will have likely contributed to the 
occurrence of those compound (e.g. barbecuing). Partial chromatograms 

















Figure 4.4: Partial GC/MS chromatograms of TLEs of Bellever Forest and Leigh Wood soils. ● n-alkanoic acids ■ n-alkanols 



















Figure 4.5: Partial GC/MS chromatograms of TLEs of Victoria Park and Moorland soils. ● n-alkanoic acids ■ n-alkanols 





Figure 4.6: Partial GC/MS chromatograms of TLEs of Blagdon lake and Clevedon Bay soils. ● n-alkanoic acids ■ n-alkanols  





Figure 4.7: Partial GC/MS chromatograms of TLEs of Forest of Dean and Wistman’s Wood soils. ● n-alkanoic acids  





Figure 4.8: Partial GC/MS chromatograms of TLEs of Clifton Down and St. George Park’s soils. ● n-alkanoic acids ■ n-alkanols 




4.6.3  Discrimination of soil using plant wax markers  
 
Previous reports on soil discrimination using plant wax markers, have demonstrated 
the separation between soils using an NMDS ordination plot with the level of 
segregation between sites determined by the R value obtained from the ANOSIM 
(Mayes et al., 2009). The ordination plot was constructed using a Bray-Curtis 
similarity/ dissimilarity distance matrix which measured the distance between a pair 
of samples. The n-alkane and n-alkanol distributions of each site were quantified and 
normalized prior to statistical analysis. The ANOSIM was performed simultaneously 
based on the variation within- and between-samples using a range of values between 
0 and 1. For the results obtained in this study a regular series of n-alkanes was 
undetectable, particularly in Bellever Forest and Forest of Dean sites, hence n-alkanes 
shall not be utilised for any comparative purposes. In contrast, n-alkanol profiles were 
detectable in the carbon number range from n-C16 to n-C30 but only with even carbon 
numbers (except for the C23, C25 and C29) homologues. Bray-Curtis dissimilarity 
distance was measured using Premier 7 software following log transformation of the 
data. The NMDS ordination plot obtained for the n-alkanol profiles is shown in Figure 
4.9. The variation between sites is indicated by the R value generated from ANOSIM 
where a good separation between sites is associated with a high R value (close to unity) 
and poor separation with a low R value (close to zero). Detailed ANOSIM results for 
each site are shown in Table 4.3.  
 
Figure 4.9 reveals a relatively greater variation between sites than within sites, 
associated with a global R value of 0.692, using the soil n-alkanol profiles. However, 
the separation between sites, is still ambiguous poor. Only Blagdon Lake (BL) 
samples exhibit clear separation from the other nine sites with an R values of one, 
excepting Clifton Downs (CD), Clifton Park (CP) and St. George’s Park (GP) with R 
values of 0.889, 0.074 and 0.556 respectively. As demonstrated by the NMDS (Figure 
4.9), all sites mentioned earlier were positioned relatively closer to BL. The low R 
value observed between BL and CP is due to the high variability of n-alkanol 
distributions within the CP soils as well as the position of one of the replicates within 
the BL cluster. Overall, it is interesting to note that the position of each site in the 




coniferous forest and highland to woodland to urban park/grassland to lake, can be 
seen from left to the right of the NMDS plot. In addition, it is also noticeable that all 
four low pH sites are positioned on the left of the plot and much closer to each other 
whereas the remaining sites with higher pH exhibit slightly greater separation amongst 




Figure 4.9: NMDS ordination plot constructed from the soil n-alkanol profiles of ten 
selected sites which exhibit different land-uses around Bristol and 










Table 4.3: One-way ANOSIM obtained using soil n-alkanols profile for ten sampling sites. 
 
 
BL GP WW LW BF FD CB CP ML 
 
n-alkanols Global R = 0.692 (P = 0.001) 
 
 
         
GP 
 
0.556         
 
 
(P=0.10)         
WW 
 
1.000 1.000        
 
 
(P=0.10) (P=0.10)        
LW 
 
1.000 1.000 0.407       
 
 
(P=0.10) (P=0.10) (P=0.10)       
BF 
 
1.000 1.000 0.407 0.926      
 
 
(P=0.100) (P=0.10) (P=0.10) (P=0.10)      
FD 
 
1.000 1.000 -0.037 0.333 0.481     
 
 
(P=0.10) (P=0.10) (P=0.60) (P=0.10) (P=0.10)     
CB 
 
0.741 0.556 0.926 0.370 1.000 1.000    
 
 
(P=0.10) (P=0.10) (P=0.10) (P=0.20) (P=0.10) (P=0.10)    
CP 
 
0.074 -0.037 0.704 0.556 0.926 0.741 0.296   
 
 
(P=0.40)  P=0.60) (P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10)   
ML 
 
1.000 1.000 0.556 1.000 1.000 0.481 1.000 1.000  
 
 
(P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.20) (P=0.10) (P=0.10)  
CD 
 
0.889 0.778 1.000 1.000 1.000 1.000 0.519 0.370 1.000 
 
 
(P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10) (P=0.10) 




4.6.4 Lipidomics-based approach for soil discrimination 
 
In contrast to the plant wax marker approach, this study aims to investigate the 
potential of a lipidomics-based approach for soil discrimination. This approach utilizes 
the whole (GC amenable) lipidome to distinguish between different soils which differ 
in their organic matter inputs as detailed in Table 4.1. Lipidomics, in this form, is an 
untargeted approach that utilises a more holistic consideration of the results available 
that requires several steps prior to differential analysis to ensure that a correct 
interpretation of the instrumental results can be achieved. Data processing, data 
treatment and data filtering steps were performed to facilitate the extraction of features, 
chromatogram deconvolution, RT alignment, data visualization and data reduction. 
 
4.6.4.1 Data processing, data treatment and data filtering  
 
As briefly mentioned at the end of Section 3.4, the data set of this chapter underwent 
pre-processing steps using the ‘batch recursive feature extraction for small molecules’ 
algorithm. The value for the parameters used were; peak filters = 500, ion count 
threshold = 10 peaks, retention time tolerance = 0.3 min, absolute height filters = 10 
000 counts, possible m/z (for EIC tolerance) = symmetric ±50, EIC extraction range = 
1.5 min, spectrum absolute height filters = 5000 counts, average scan > 10 % of peak 
height and the spectrum background was selected at a ‘clear’ region in the 
chromatogram at 55 min. 
 
In the post-processing step, initial filtering was performed after log2 transformation, 
normalization and mean-centering. The filtering was performed by extracting 
compounds that eluted in the range between 10 to 55 min. Subsequently, filtering was 
carried out using several options available in MPP including: filter by frequency (80 
%), filter by sample variability (CV < 30 %) and filter by fold change (15.0). These 
were applied to the data to reduce the number of entities available for statistical 
analyses. The filtering options were selected to filter out inconsistent compounds 
which: (i) might be extracted by chance in one of the replicates, and/or (ii) showed 
large differences in abundance between replicates. In addition, ‘filter by abundance’ 




range which are mostly neglected or not obvious in the chromatogram but might carry 
important information for discriminating between soils and filters out the higher 
abundance entities. Finally, a Kruskal-Wallis test was performed, and the discrimatory 
compounds selected based on a p value of 0.005. This resulted in a data set of 123 final 
discriminant compounds which were subjected to multivariate analyses to determine 
the clustering pattern of the data. 
 
4.6.4.2   Compound identification using IDbrowser in MPP 
 
In this study, compound identification was carried out at the final stage using the 
IDbrowser identification function in the MPP software. The NIST 14.0 and Fiehn 
GC/MS libraries were used for identification with a 70 % spectral matching score. In 
addition, several compounds were also identified based on literature references and an 
open-access library website (i.e. LIPIDHOME). Spectral matches were performed as 
trimethylsilyl ether derivatives with selected libraries. Compounds that were identified 
are shown in the Table 4.4. They comprise of n-alkanoic acids, n-alkanols, n-alkanes, 
phenolic acids, 1,2-diols, dehydroabietic acid, 7α-hydroxy-dehydroabietic acid, a 
glycerol ether and the remaining entities were reported as unidentified entities. In 
addition, polycyclic aromatic hydrocarbons (PAHs) are also among the entities 
selected as discriminant for the separation between sites. As described briefly in 
section 4.6.2, PAHs are observed in the chromatogram of the GP sample. Using a 
lipidomics-based approach, several members of this compound group were 
consistently detected in at least two sites (GP and CD, with GP exhibiting relatively 
higher concentrations). Some of the PAHs included in the final entities list are: pyrene-









Table 4.4: List of identified compounds used for discrimination between soil 




1 tridecanoic acid TMS 16.7 
2 5-dodecenoic acid, TMS 16.16 
3 heptadecanoic acid, TMS 20.74 
4 oleic acid, TMS 22.94 
5 ferulic acid, TMS 20.63 
6 dehydroabietic acid, TMS 18.82 
7 7α-hydroxy-dehydroabietic acid, TMS 28.12 
8 n-hexacosane 29.95 
9 n-nonacosanol, TMS 42.93 
10 hexadecenyl-1-O-glycerol, TMS 27.77 
11 lupeol, TMS 45.11 
12 α-amyrin, TMS 44.89 
13 ursolic acid, TMS 49.16 
14 1,2-hexacosane-1,2-diol, 2TMS 41.79 
15 1,2-pentacosane-1,2-diol, 2TMS 39.89 
16 pyrene 1-methyl 22.36 
17 picene 38.79 
18 benzo[a]pyrene 32.87 
19 anthracene-2-methyl 18.05 
20 benzo[c]fluorene 21.97 
 
 
4.6.4.3   Soil clustering using multivariate analyses 
 
Following the data reduction and selection of the discriminant entities, principal 
component analysis was performed for both sets of data, with and without QC 
samples. In the presence of QC, 349 compounds remained after filtering by frequency 
(entities occurring in only one sample were removed from the data set) and the 
clustering of the QC and other sites is shown in Figure 4.10. All QC samples were 












Similarly, PCA was also performed for the same data set after removal of the QC 
samples using the final 123 discriminant entities selected from a Kruskal-Wallis 
statistical test (Section 4.5.4.1) and the results are as shown in Figure 4.11. The 
cumulative variance accounting for the first three PCs is 69.35 % with PC1 accounting 
for the highest variance of 36.93 %. The figure indicates separation of the eight sites 
after QC samples were removed from the data set. Six main clusters are observed in 
the PCA, comprising four distinct individual sites: CD, ML, GP and BL as well as two 
groupings of sites involving woodlands (LW and WW) and coniferous forests (BF and 
FD). This observation shows that the lipid variation between LW and WW and also 




and coniferous, respectively. Furthermore, it is also noticeable that the two coniferous 
sites are positioned the furthest away from the remaining sites in the 3D-PCA 
suggesting that the lipid composition of these two sites are the most different from the 
others. Moreover, 2D PCA reveals that the FD, BF and ML sites were separated from 




Figure 4.11: 3D-PCA of eight sampling sites constructed using the discriminant 
compounds selected by Kruskal-Wallis test with p = 0.005. 
 
 
Hierarchical clustering analysis was performed on the data set (without QC) and the 
dendrogram produced shows the separation achieved for each individual site which is 
not as obvious in the PCA (see Figure 4.12). This multivariate analysis was also 




0.005. The dendrogram was constructed using the normalized intensities of all selected 
compounds, measured by Euclidean distance and Ward’s linkage rules. The 
dendrogram shows two main clusters which separate sites based on the soil pH where 
BF, FD, ML and WW were separated from CD, GP, LW and BL at the dissimilarity 
distance of 416.72. The low pH soil cluster was further branched out with a 
dissimilarity distance of 182.48 which separates between the coniferous forest (BF and 
FD) and ML and WW. The higher pH soils also exhibit further separation between 
LW and CD and BL and GP (Figure 4.12). From the dendrogram, it is interesting to 
note that assumptions on a site’s clustering based on the land-use are not borne out by 
the results observed for the woodland and the public park sites. LW and WW as well 
as CD and GP were expected to be clustered closer to each other in the dendrogram 
tree. However, WW was clustered together with other sites with low pH soil indicating 
that pH is more important factor in soil discrimination. On the other hand, GP and CD 
did cluster more closely than the two woodlands.  The results obtained from both 
multivariate analyses demonstrate the importance of a combined analysis to provide 




Figure 4.12: Dendrogram shows clustering of the eight individual sites using 






4.7 Seasonal effect on lipid distributions in soils 
 
This part of the study aimed to investigate the influence of seasonal variation on lipid 
distributions in soil. In forensic science, influence due to sampling time is critical as 
significant changes in lipid distributions, due to seasonal factors, could lead to an 
erroneous result. In order to investigate the effect of seasonality, three sites were 
selected including Leigh Wood (LW), Royal Fort Garden (RF) and Brandon Hill (BH) 
whereby three replicates were collected from each site during spring, summer, autumn 
and winter at the same location resulting in thirty-six samples in total (refer Section 
2.2). Leigh Wood is a woodland area located on the outskirts of Bristol whereas the 
other two sites, Brandon Hill and Royal Fort Garden, are both public parks within 
walking distance of the University of Bristol. Sample collection commenced in autumn 
2014 and ceased in summer 2015. Subsequent to drying and sieving, the total organic 
carbon content of each soil was determined by elemental analyser; the results are 
shown in Figure 4.13. 
 
 
Figure 4.13: Bar plots showing the percentage soil organic carbon of each sampling 






From the figure, Brandon Hill exhibits the highest organic carbon content of all sites 
for each season followed by Leigh Wood and Royal Fort Garden. There is no 
consistent seasonal trend observed in the soil organic carbon content. The LW and BH 
sites exhibit the highest percentage organic carbon in summer whereas RF highest in 
the winter. The LW site shows a similar value of percentage organic carbon in soil 
from autumn 2014 to spring 2015 and a slight increase in the summer 2015 but with 
relatively higher variations within the replicates as indicated by the higher standard 
error value. The BH site has a slight increase of the organic carbon content from 
autumn to winter but it decreases in spring followed by a sharp rise in the summer. 
Percentage organic carbon in soil from the RF soils reveals an increase from autumn 
to winter with a slight drop in the spring and a larger decrease in the summer. In this 
study, the variation of lipid profiles during different seasons was investigated using 
both techniques used above: plant wax markers analysis and lipidomics. For the plant 
wax markers, soil n-alkanes and n-alkanols profiles were quantified to carry out an 
ANOSIM. Data obtained from the extracted ion chromatogram (EIC) were normalized 
and log transformed prior to analysis using PRIMER 7. NMDS ordination plots for n-
alkanes and n-alkanols were constructed as shown in Figure 4.14 and 4.15, 
respectively.  
 
Figure 4.14 shows that neither site nor seasonal pattern resulted in any clustering based 
on soil n-alkanes although many of the LW soils appear to be positioned further away 
from the RF and BH samples. This result is supported with a global R value generated 
from the ANOSIM where the R value is -0.023 and P = 0.639. Similar results were 
obtained using the soil n-alkanol profile where no clustering pattern was observed. 
Again, the LW sites cluster away from the other soils but without any clustering related 
to seasonality. The global R statistic obtained from ANOSIM also returns a negative 
value, of -0.057 with P = 0.923 indicating no separation observed between groups. 
Although in general, the R value ranged between 0 to +1, the negative value 
demonstrates greater variation within samples than between samples possibly due to 
the large difference between replicates or the presence of an outlier in the sample 





Figure 4.14: NMDS ordination plot using the soil n-alkane profiles to discriminate 




Figure 4.15: NMDS ordination plot using the soil n-alkanol profiles to explore the 







Using a lipidomics-based approach, the seasonal effect was investigated, and 
separation was demonstrated using principal component analysis. As done for previous 
analyses, quality control samples were included between samples in the analytical run 
to evaluate the stability and variability of the analysis. Similar data treatment and data 
filtering were carried out after the pre-processing step as detailed in Sections 2.8.1 to 
2.8.6 where the data filtering included filter by frequency (80 %), filter by sample 
variability (CV <25 %) and filter by fold change (>10) to further reduce the number 
of compounds in the final list. Statistical analysis using a Kruskal-Wallis non-
parametric test was conducted to select the discriminative compounds with p = 0.01. 
Figure 4.16 depicts a 2D-PCA where clustering of the QC samples lay between the 
LW, BH and RF sites along PC1 with cumulative variance of 21.76 %. This clustering 
of the QC samples results from smaller variation within the QC replicates relative to 





Figure 4.16: 2D-PCA of all samples collected at each site for each season together 
with the pooled QC samples. 
 
 
A similar workflow for data treatment and data filtering was then conducted without 
QC samples. The grouping pattern observed is as shown in Figure 4.17 where LW sites 
are separated well from BH and RF along PC1 with a total variance of 46.64 %. 




samples were positioned within the BH cluster and vice versa. Similar observations 
are evident using hierarchical clustering analysis where complete separation is 
achieved for LW samples. However, RF and BH show no distinct clustering between 
them (not shown). Moreover, a seasonal pattern was not observed in any individual 
site, as demonstrated by the LW sites in Figure 4.18.  
 
 
Figure 4.17: 2D-PCA of all samples collected from three different sites, BH, RF and 











The primary aim of this work was to test the capability of a lipidomics-based approach 
to discriminate between soils with several soils selected, exhibiting only subtle 
changes in their environment. This work reveals that a wide range of lipid compounds 
can be used in soil discrimination leading to better separation with small changes 
between sites becoming apparent but remaining indistinguishable if using plant wax 
distributional analysis. As shown by the PCAs, site discrimination is achieved, using 
this new approach, at land-use level where coniferous forests, urban soils and 
woodlands exhibit larger variation among each site compared to within site (Figure 
4.11). Moreover, HCA successfully separates soil at the inter-site level as shown by 
the dendrogram (Figure 4.12). From the dendrogram, it can also be seen that site 
discrimination is also appears to be related to soil pH where the main clustering 
parallels a separation between high and low pH with dissimilarity distance of 416.72. 
 
A statistical analysis conducted to determine the key compounds responsible for 
discrimination identifies a wide range of lipids responsible for the separation observed 
between different soils. Although not all compounds selected were able to be 
identified, several important compounds associated to specific sites were determined. 
These compounds are commonly used as biomarkers for determining the input to soils 
as well as to differentiate between soils in organic geochemistry research. It is 
interesting to note that dehydroabietic acid and 7α-hydroxy-dehydroabietic acid are 
among the compounds selected for discrimination. Dehydroabietic acid (DHAA) is a 
well-known marker for coniferous inputs and 7α-hydroxy-dehydroabietic acid is 
reported as an oxidation product of DHAA (Rontani et al., 2015). In this study, 
multivariate analyses showed a distinct separation of two coniferous sites, FD and BF 
from other sites with the presence of these two diterpenes. HCA using MPP reveals 
each compound’s relative response at each site with DHAA and 7α-hydroxy-
dehydroabietic acid showing a substantial amount in both FD and BF sites (up-
regulation). Moreover, DHAA was also detected in the WW, ML, LW and CD soils 
although at relatively lower abundance than found in those from the FD and BF sites. 
The other diterpene, 7α-hydroxy-dehydroabietic acid, was only detected the 




The occurrence of DHAA in non-coniferous sites has been suggested to arise from the 
contribution of cyanobacteria. This finding was first reported by Costa et al. (2016) 
where, using NMR spectroscopy, the authors determined the presence of two conifer 
resin biomarkers, abietic acid and DHAA in a cyanobacteria strain but at much lower 
concentrations than usually found in plants (Costa et al., 2016). In this study, some of 
the DHAA is likely to have oxidised to yield 7α-hydroxy-dehydroabietic acid as 
observed at both coniferous sites. The higher response (up-regulation) of the 7α-
hydroxy-dehydroabietic acid in coniferous soil relative to other sites indicates the 
potential of the compound to be an exclusive marker for soil under pine vegetation, 
hence, allowing discrimination between coniferous and non-coniferous sites using a 
targeted lipidomics-based approach. In this study, clear separation is achieved not only 
by considering the contribution of a specific marker (e.g. DHAA) to a soil but also the 
simultaneous absence or the relatively low abundance of other compounds.  
 
Another compound that appears to be a distinct marker for site discrimination in this 
study is ferulic acid which was found to show a higher response (up-regulated) in low 
pH soils but lower response (down-regulated) in high pH soils except CD although 
the intensity is not as high as in the low pH soil. This phenolic acid (PA) is one of the 
most common PAs detected in soil other than vanilic acid and p-coumaric acid and is 
primarily derived from decomposing matter input from plants as well as from soil 
microbial activity (Malá et al., 2013). Previous work reported that the presence of 
some PA including ferulic acid in soils resulted in a decrease in the pH due to 
dissociation of the acid (Rukshana et al., 2010). Similar observations were found in 
this study, where the abundance of organic acids was found to be higher in low pH 
soil as evident in the heatmap (not shown) including 5-dodecenoic acid, heptadecanoic 
acid, ursolic acid and ferulic acid which were up-regulated in low pH soils relative to 
most higher pH soils. In addition, the presence of ferulic acid in CD is suggested to 
be derived from the complex ligno-cellulose of grasses and liberated during hydrolysis 
of the ester bonds (Otto et al., 2005). However, this study shows that ferulic acid and 
the organic acids serve as an indicator for classifying between the low and high pH 
soil but not specific to land-use or vegetation as higher abundances of this compound 






It is noted that anthropogenic-derived compounds, such as PAHs were up-regulated 
in the two urban soils (GP and CD) only. The two compounds are not closely clustered 
together in the dendrogram, but they both have a relatively higher concentration of the 
anthropogenic pollutants compared to other soils studied. This be an advantage as 
although both sites contain a higher abundance of PAHs, they can still be separated 
from each other proving that the clustering is capable of detecting the largest variation 
using the selected compounds at the inter-site level. These two sites are heavily used 
by the public for various activities hence increasing the likelihood of oil-based 
contamination to be introduced into the soil. Urban parks are among areas prone to 
crime activity and therefore, these compounds are potential markers for such sites 
enabling exclusion of other non-polluted sites in the natural environment. 
 
In comparison to lipidomics, the plant wax marker approach is seen to be less 
discriminatory in terms of site clustering as shown by the NMDS ordination plot. 
However, pairing with ANOSIM enables better site separation as determined by the R 
values. In this study, the n-alcohol profile shows poor separation between all sites 
studied apart from Blagdon Lake where, without the R value, it is not possible to 
discriminate between it and other sites. Previously, n-alkanol profiles were found to 
yield better site discrimination compared to n-alkanes for both NMDS ordination plots 
and ANOSIM, R values (Mayes et al., 2009). However, this approach is liable to be 
more reliable for discriminating between soils under different vegetation rather than 
location since both n-alkanes and n-alkanols are ubiquitous and abundant in soils and 
inputs to soils. For example, identical n-alkane distributions will be present in soils 
supporting the growth of the same (or similar) grass species irrespective of 
geographical location (Maffei, 1996). Nierop et al. (2006) suggested that a 
combination of extractable lipids (e.g. n-alkanols, n-alkanes) and ester-bound lipids 
(e.g. cutin and suberin) offers the best method for differentiation between pine and 
grass input into soil as it combined the advantages and drawbacks of both lipid class. 
The extractable lipids are commonly present in high concentration and more diverse 
in soil, however, the diverse inputs result in the overlap of lipid distribution from many 
vegetation types. Furthermore, these classes of lipid may undergo transformations in 




(Nierop et al., 2006). Cutin and suberin, are less prone to such transformation as they 
are protected by the ester-bond in their complex bio-polymer (Nierop et al., 2006).   
 
This approach in forensic investigation may be well-suited to soil identification for 
sites with a less complex cover of vegetation. However, when considering several sites 
with different levels of soil-input-complexity, n-alkanes and n-alkanols alone exhibit 
a lower capability to discriminate between soils compared with a lipidomics-based 
approach. More lipid compounds offer better characterisation that facilitates 
differentiation between soils since each compound/compound class can be indicative 
of a specific process/input (vegetation derived or not) or even a specific part of a plant 
as summarised by Jansen and Weisenberg (2017) in Table 4.5. 
 
 
Table 4.5: Lipid compound classes used as various proxies (adapted from Jansen and 
Weisenberg, 2017). 








Plant species (groups level) Jansen et al. (2006) 
n-methyl ketones 
 
Transformation of SOM Jansen and Nierop 
(2009) 
Plant sterols and 
pentacyclic triterpenoids 
 
Plant species (groups level) Jansen et al. (2007) 
Cutin and suberin 
monomers 
 
Root versus aboveground part of 
biomass 
Hamer et al. (2012) 
Manure compounds or 
stanols 
Human activities related to faecal 
application  
Prost et al. (2017) 
   
 
 
4.8.1 Spatial effect in the lipidomics-based analysis of different soils 
 
Using results obtained from a lipidomics-based approach, soil clustering is more 
dependent on sites (varying vegetation input) than on seasonal effects as shown in the 




sites but with no effect of seasonal clustering. This is also supported by the extracted 
dendrogram in Figure 4.15, which shows no clustering based on the season within the 
LW samples. Similar findings were reported using a combination of pollen, plant 
waxes and particle size distribution to discriminate between soil collected from two 
Portuguese river beaches on seasonal basis, where the result shows discrimination 
between the two beaches, but the seasonal effects were not apparent (Carvalho et al., 
2013, 2014). In this study, separate cluster analysis performed for each individual site 
(RF, BH and LW) also revealed no seasonal pattern as shown in the dendrograms 
(Appendix F). This finding suggests that a lipidomics-based approach is suitable for 
forensic investigations as the experimental approach and the instrumental techniques 
enable the detection of recalcitrant lipids present at trace level which are unlikely to 
undergo large changes on a seasonal basis, hence, soil derived from different seasons 
will still yield meaningful results for any investigations. 
 
The plant wax marker technique demonstrates similar results to the lipidomics-based 
method but with less obvious site separation. Previous work has shown different 
distributional patterns of soil n-alkanols, n-alkanoic acids and n-alkanes between 
winter and summer paralleling different levels of the microbial activity. The absence 
of shorter chain alkyl lipids (<C20) was observed in the winter as a results of the limited 
activities of soil microbes whereas a lipid signal from the degradation of plant lipids 
was observed to be high in the summer (Naafs et al., 2004). This difference was 
undetectable in multivariate statistical analyses. Moreover, the species diversity was 
also found to be higher in either spring or summer but relatively lower in autumn and 
winter (Carvalho et al., 2013). However, seasonal variation affects soil lipids in terms 
of source of organic matter as well as soil microbial community composition. These 
two factors are inter-connected as seasonal differences affect the decomposition rate 
of OM inputs in response to the soil microbial activity that can be measured, for 
example, by analysing the phospholipid fatty acids (PLFA) content of a soil (Thoms 
and Gleixner, 2013). Although organic matter input might be expected to be higher in 
Autumn, due to a relatively higher input of leaf litter, variation may occur at the inter-
site level depending on the sampling point, either covered by trees, bushes or grass, 
particularly if the sampling site is a park which has different vegetation residing the 




roots (e.g. exudates) inputs are dependent on the vegetation (e.g. deciduous vs 
coniferous vs grass) (Mueller et al., 2012), but microbial contribution varies between 
season although to a lesser extent (Birgander et al., 2014). As we know that leaf litter 
is one of the major OM inputs into soil, higher OM commonly results in higher OC as 
well. This can be evidenced in this study where the OC content in BH soils is the 
highest of all sites as all sampling points were under trees. Conversely, for the RF soils, 
litter input was limited at each sampling point, hence, resulting in a lower organic 
carbon content. The results of this study agree with the literature which reports that 
seasonal variation at different points of soil collection is not a major influence on the 
soil organic and inorganic composition. Using a lipidomics-based approach, 
compounds indicative of summer or winter might be selected as part of many lipids 




In this chapter, several advantages of a lipidomics-based approach used for soil 
discrimination in a potential forensic investigation have been demonstrated. The from 
the primary findings of this chapter are outlined below: 
(1) In demonstrating H1 outlined in the previous section, a lipidomics-based 
approach was applied in associated with Kruskal-Wallis non-parametric test and 
multivariate analyses to show its discriminative power for differentiating 
between soils from different land-use and soil type. The results show separation 
between sites was achieved based on overlying vegetation and pH differences; 
discrimination between individual sites was not observed for sites with similar 
vegetation types (e.g. Forest of Dean and Bellever Forest). This might be due to 
the analysis performed accounted for all data (untargeted approach) from all 
sampling sites where the plant-derived lipids are more dominant for site 
discrimination. 
 
(2) The use of heatmap to reflect the response of discriminant entities at each site 
help to visualize the difference of these markers and their relationship with 




For example, in this study, two previous reported markers for coniferous 
vegetation, dehydroabietic acid (DHAA) and 7α-hydroxy-abietic acid were 
found to be up-regulated in Forest of Dean and Bellever forest.  
 
(3) Seasonal variation in sampling time shows no obvious effect on the lipid 
distribution, hence, clustering on a seasonal basis was not observed. This shows 
that this approach is suitable for forensic investigations as the sampling time is 
unimportant in soil clustering. 
The findings of this study show the potential for adopting a lipidomics-based approach 
to characterising and differentiating between soils in forensic contexts as well as other 
related fields such as agriculture and archaeology. By increasing the number of 
samples for each site, a soil reference database with a higher accuracy prediction 
model could be developed to facilitate forensic investigations involving more samples 
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the same geographical 












Chapter 4 revealed the potential of a lipidomics-based technique for discriminating 
soil on a wider geographical scale where soils differ in types as well as their overlying 
vegetation. This chapter aims to explore the potential of lipidomics for discriminating 
soil that is of the same type but which has undergone different types of soil 
management leading to a diverse vegetation cover over a smaller scale as outlined in 
the hypotheses (Section 1.4). Soil discrimination has been applied extensively for 
various purposes including forensic analysis. Within a forensic context, the need to 
discriminate soil is important as it could assist in locating a crime scene as well as 
establishing a link between victim and suspect (Morgan and Bull, 2007; Baron et al., 
2011; Cheshire et al., 2017; McCulloch et al., 2017).  
 
Multiple aspects of soil may be exploited in the pursuit of characterisation and 
differentiation: physical (e.g. particle size), biological (e.g. pollen) or chemical (e.g. 
lipids), these properties work best when used in combination where all or any two of 
them can provide greater surety within the context of a legal case (Guedes et al., 2011, 
Carvalho et al., 2013). Previously, forensic analyses have been dominated by soil 
inorganic components (i.e. major and trace elements; Pye et al., 2007; Pye and Blott, 
2009). However, the last ten years, has seen a shift towards soil organic matter with an 
increasing number of studies utilising aspects of soil organic matter to characterise and 
differentiate between soils (Mayes et al., 2009; Carvalho et al., 2013, 2014; 
McCulloch et al., 2017). The rationale behind the gradual adoption of this approach 
derives from the soil surface being rich in organic matter arising from localised inputs 
of vegetation-derived organic matter combined with any anthropogenic inputs. 
Previous studies have demonstrated the use of plant wax markers (Mayes et al., 2009), 
volatile organic compound (Bastos and Magan, 2007) and other organic components 





Mayes et al. (2009) reports the use of plant wax markers, n-alkanes and n-alkanols to 
discriminate between soils from domestic gardens, using analysis of similarity 
(ANOSIM) and NMDS ordination plots, where in the study n-alkanols were shown to 
provide a better discrimination between soils than n-alkanes. Subsequently, several 
studies have used plant wax markers as a tool for soil discrimination in combination 
with other physical or biological techniques (e.g. Carvalho et al., 2013, 2014). 
However, a lipidomics-based approach may provide a more secure method for forensic 
applications, particularly when involving areas of close proximity, as it will consider 
all extractable soil lipids within the chosen analytical window assessing telling 
changes in relative lipid distributions that may not be immediately apparent with 
manual inspection. Such an approach discriminates between soils by measuring the 
largest variances between sites using multivariate analyses combined with several 
iterations of  data filtering (Checa et al., 2015).  
 
This chapter reports on an attempt to use the techniques developed and applied (on a 
wide geographical scale) in the previous chapters to discriminate between soils 
originating from a close geographical location only differing in terms of the type of 
land-management practices to which they have been subjected. The overall aim is to 
demonstrate that such soils, may still be discriminated between. To do this, soils were 
collected from two of the ‘classical’ field experiments located at Rothamsted Research, 
Harpenden, UK. Rothamsted Research maintains the oldest continuous agricultural 
field experiments in the world. The original (and on-going) aims of the long-term 
experiments were to evaluate the effects of different inorganic and organic fertilizers 
on crop production. Initially, nine field experiments were introduced, between 1843 
and 1856, of which one was abandoned in 1878. The remaining experiments became 
the Rothamsted ‘classical’ field experiments, most of which continue to this day 
(Storkey et al., 2016). 
 
In a forensic context, discrimination between soils at a smaller geographical scale is 
an advantage as it can led investigating officers to a more specific crime scene. As 
reported previously, lipid inputs to soils are, unsurprisingly, dominated by plant-
derived lipids, primarily from the overlying vegetation (current and past) (Bull et al., 




manual inspection, particularly in the absence of specific biomarkers. Therefore, a 
lipidomics-based approach that utilizes the whole lipid distribution, including 
compounds at low levels, may provide the necessary capability to discriminate 
between soils lipid profiles that exhibit only subtle differences. 
 
5.2 Field Sites 
 
Two of the Rothamsted Classical Experiments were used in this study, the Broadbalk 
Wheat experiment and the Park Grass Continuous Hay experiment established in 1843 
and 1856, respectively. Winter Wheat has been grown on Broadbalk since 1843, but 
in 1882 a small area (ca. 0.2 ha) at the west end of this field was abandoned to allow 
for the natural regeneration of indigenous plant species. This area is known as the 
Broadbalk Wilderness. Park Grass was introduced in 1856 to investigate the effect of 
different inorganic fertilisers and organic manures on the production of hay. Eight 
main plots were chosen from these experiments to conduct this research comprising 
three from the Broadbalk Wilderness, one from Broadbalk Winter Wheat and another 
four from Park Grass. Further descriptions of each site are provided in the following 
section. 
 
5.2.1 The Broadbalk Wheat Experiment and the Wilderness 
  
The Broadbalk Winter Wheat experiment covers an area of about 5 ha. It currently 
consists of 10 sections, each containing 18 plots. Five sections are in continuous 
Winter Wheat (Triticum aestivum) cultivation and the remainder are in a five-course 
rotation; currently three years of Winter Wheat followed by subsequent years of oats 
and maize. The experiment was originally designed to compare the effect of applying 
farmyard manure (FYM) and mineral fertilizers, supplying Nitrogen (N), Phosphorus 
(P), Potassium (K), Sodium (Na) and Magnesium (Mg) in various combinations, on 
the yield of Winter Wheat. The experimental field comprises a silty clay loam over 
clay-with-flint soil. The soil contains about 18 % sand, 57 % silt and 25 % clay 
(Knights et al., 2001) and is classified as a Chromic Luvisol (or Alisol) (FAO) or an 
Aquic Paleudalf (USDA classification). The underlying geology is calcareous which 




acidification of soil in some plots. Consequently, since the 1950s, chalk has been 
regularly applied in order to maintain a pH appropriate for optimum wheat yields. In 
contrast, the soil pH in the Wilderness was 7.3 in 1991 and remained about the same 
pH until at least 2009 (pH ~ 7) (Tye et al., 2009).  
 
In 1882, about 0.2 ha at the west end of Broadbalk was fenced off and left uncultivated 
(Beavis and Mott, 1999; Harmer et al., 2001; Knights et al., 2001; Storkey et al., 
2016). This led to the establishment of a secondary, mixed woodland called ‘Broadbalk 
Wilderness’ which now covers about 0.13 ha of the area providing a habitat for several 
woody plants such as ash, sycamore, hawthorn and ivy (Bull et al., 2000). From 1900, 
half of the site was annually stubbed to permit open-ground vegetation to develop. In 
1957, this stubbed area was subdivided into two parts where one was continuously 
stubbed each year and the other mown several times to create a grassland. These 
managements have resulted in the development of three distinctly different plant 
communities adjacent to each other. Table 5.1 provides information about the main 
vegetation and pH of each studied plot.  
 
Table 5.1:  Primary overlying vegetation and pH in each plot studied from the 
Broadbalk Winter Wheat long-term experiment (Bull et al., 2000). 
 
Sampling plot Main vegetation pH (in water) 
 
Wooded Fraxinus excelsior (ash) 
Hedera helix (ivy) 
Quercus robur (common oak) 
Acer pseudoplatanus (sycamore) 
Crataegus monogyna (hawthorn) 
 
7.2 ± 0.06 
Stubbed Rubus 
Lolium perenne (rye grass) 
Anthricus sylvestris (cow parsley) 
Centaurea nigra (knapweed) 
 
7.2 ± 0.05 
Grazed Lolium perenne (rye grass) 
Trifolium repens (white clover) 
7.0 ± 0.01 
Winter Wheat 
(61,71,81) 




The arable area of Broadbalk was originally divided into 5 sections but later, in 1968, 
the field plan was further divided into ten sections (0-9) comprising 18 strips of 
different fertiliser treatments including Farmyard Manure (FYM), FYM and N, no 
fertiliser, N only, N, P and Mg only, N, P and K only, N, K and Mg only, P, K, Mg 
only and 10 different combinations of N, P, K and Mg, with increasing rates of N. 
Details of the treatments for each plot/strip are summarised in Appendix G. For this 
study, three strips (6,7,8) from section one of the arable area (receiving P, K, Mg and 
different amounts of N) and each plot from Broadbalk Wilderness were sampled as 





Figure 5.1: Schematic diagram of Broadbalk Wheat experiment and Wilderness as 
illustrated in Rothamsted Research Guide Book, 2006. The light green 
dotted area in the diagram is the sampling plots chosen for this study, 





5.2.2 The Park Grass Continuous Hay Experiment 
 
The Park Grass experiment covers an area of about 2.8 ha and is the oldest permanent 
grassland experiment in the world. The top soil on this site is classified as silty clay 
loam or stagnogleyic palaeo-argillic brown earth (Soil Classification for England and 
Wales) or an Aquic Paleudalf (USDA) comprising of 22 % clay, 66 % silt and 12 % 
sand (Rothamsted electronic archive (e-RA); Park Grass Experiment). The OC content 
varies from 2.7 to 6.6 % between plots, depending on the individual treatments applied 
(Silvertown et al., 2006; Stiehl-Braun et al., 2011). This experiment contains plots 
with various combinations of N, P, K, Mg, Na and FYM (Figure 5.2). The field was 
initially a uniform sward, but after a few years, the experiment had developed a wide 
diversity of grassland plant communities, depending on the fertiliser applied on the 
individual plot (Morris, 1992). 
 
At the beginning of the experiment, the soil on Park Grass was slightly acidic, with a 
pH (in water) of about 5.4 – 5.6 (Silvertown et al., 2006; Storkey et al., 2016). From 
1903, a test of lime was introduced on most plots (van Bergen et al., 1998; Silvertown 
et al., 2006; Storkey et al., 2016) with chalk being applied regularly to maintain and 
increase the soil pH; especially on plots where soils were being acidified by annual 
applications of ammonium sulfate (Bull et al., 2000; Silvertown et al., 2006). Later in 
1965, most plots were divided into four sub-plots: ‘a’, ‘b’, ‘c’ and ‘d’. The ‘a’, ‘b’ and 
‘c’ sub-plots received chalk, when necessary, to maintain soil pHs of 7, 6, and 5, 
respectively; the ‘d’ sub-plot received no chalk. Consequently, the pH and species 
diversity of these sub-plots arise solely from the treatments applied (in addition to 
atmospheric inputs) (Morris, 1992; Stiehl-Braun et al., 2011). In the present study, 
four plots comprising an unfertilised control plot (‘NIL’ treatment, plot 3) and three 
plots given either P, K, Na, Mg (plot 7), N2, P, K, Na, Mg (plot 9/2) and N*2, P, K, 
Na, Mg (plot 14/2) were chosen as shown Figure 5.2. Both sub-plots, chalked (a) and 








Figure 5.2: Schematic diagram of Park Grass Continuous Hay Experiment as 
illustrated in the Rothamsted Research Guide Book, 2006. The dark 
green area are the sampling plots chosen for this study in which varies in 
their fertilizer application. The plots are including 3a, 3d (controls), 7a, 




5.3 Sample collection 
 
All soil samples (0-23 cm) were collected by hand in May 2015, using a 2 cm diameter 
gouge auger, as shown in Figure 5.3. Fifteen soil cores were taken randomly from each 
plot or sampling area. For each plot studied, the cores were combined to give three 
replicates (3 × 5 cores). Samples were placed in solvent-cleaned tin foil and transported 
to the laboratory. The fresh soils were oven dried at 60 ⁰C prior to crushing with a 
pestle and mortar (van Bergen et al., 1998; Naafs et al., 2004). The soils were 
subsequently sieved through 2 mm and 250 µm mesh sieves to remove stones and 
vegetation debris. Soils were stored in pre-furnaced glass jars prior to analysis. 
 
 
Figure 5.3: Diagram of (a) an Auger sampler typically used in soil sampling (b) soil 




Table 5.2 shows detailed information on the dominant plant species and pH of the soil 
in each of the plots studied. More details on the species distributions (records from 
Rothamsted, 1998) in each plot are summarized in individual pie charts provided in 
Appendix H. Different treatments applied to each plot led to variations in their 
individual soil pH and species diversity and the production of dry matter (Bull et al., 
2000; Woods and Rossi, 2011). 
 
Table 5.2: Treatments, species diversity, total species (as recorded in 1998) and pH in 
each plot studied from Park Grass long-term experiment. 
 





3a No treatment, 
chalked 
Agrostis capillaris (15.48), 
Festuca rubra (14.35), 
Sanguisorba minor (13.67) 
27 6.9 ± 0.11 
3d No treatment, 
unchalked 
Agrostis capillaris (40.41), 
Festuca rubra (33.41), 
Centaurea nigra (14.94) 
20 5.9 ± 0.07 
7a P,K,Na,Mg, 
chalked 
Lathyrus pratensis (20.72), 
Alopecurus pratensis (16.35), 
Arrhenatherum elatius (15.95) 
20 
 
6.9 ± 0.02 
7d P,K,Na,Mg, 
unchalked 
Agrostis capillaris (50.53), 
Trifolium pratense (12.83), 
Centaurea nigra (10.09) 
20 5.7 ± 0.04 
9/2a N2,P,K,Na,Mg, 
chalked 
Alopecurus pratensis (43.03), 
Dactylis glomerata (14.39), 
Holcus lanatus (11.2) 




(51.28), Holcus lanatus (26.06), 
Agrostis capillaris (22.52) 
4 3.7 ± 0.05 
14/2a N*2,P,K,Na,Mg, 
chalked 
Alopecurus pratensis (51.1), 
Arrhenatherum elatius (18.4), 
Poa trivialis (11.4) 
14 6.9 ± 0.04 
14/2d N*2,P,K,Na,Mg, 
unchalked 
Alopecurus pratensis (43.06), 
Anthriscus sylvestris (17.78), 
Bromus hordeaceus (10.39) 




As reported in Table 5.2, the application of different combinations of mineral 
fertilizers, as well as chalked and unchalked treatments, has led to a variation in species 
diversity in the individual plots (Rothamsted Research, 2006). Silvertown et al. (2006) 
report on the species distribution of Park Grass plots at the collective level in response 
to different nutrients applied. It was observed that plots receiving N were dominated 
by grasses, plots receiving P and K but no N were relatively dominant with legumes 
whereas the unfertilized soils support intermediate ratios of grasses, legumes and other 
vegetation. As mentioned above, this study utilised plots subjected to 3 different 
treatments: plot 3 (unfertilized control), plot 7 (received P and K only), plot 9/2 and 
14/2 (received N, P and K). On-site species observation conducted in the past have 
reported 27 species residing in the control, chalked plot (3a), making it the highest 
plant species diversity amongst all plots studied. This was followed by the control, 
unchalked (3d), P, K, Na, Mg chalked and unchalked (7a and 7d) plots with 20 species 
overlying each plot (Rothamsted Research, 2006). The remaining plots, which receive 
N (9/2 and 14/2), exhibit species reduction as well as a shift in their dominant species. 
9/2d, a plot that receives N as ammonium sulfate and is unchalked, has experienced 
pH reduction (< 4) of the soil and exhibits an extreme species reduction to only 4. This 
plot is dominated by Anthoxanthum odoratum and Holcus lanatus indicative of the 
capability of these species to survive in extreme acidic environments. Similar species 
distributions were also recorded in two other plots from Park Grass with low pH 
values, 10/d and 11/1d (van Bergen et al., 1998). From the pie charts of plant species 
distribution of plots 7a, 9/2a, 14/2a and 14/2d shown in Appendix H, it can be observed 
that both species, Anthoxanthum odoratum and Holcus lanatus were present at 









5.4 Results  
 
5.4.1 Total Organic carbon and soil pH of Broadbalk Winter Wheat and the 
Wilderness 
 
Figure 5.4 depicts the percentage of TOC in all sampling plots as an average of three 
replicates. The TOC values recorded are in the range from 1.00 % ± 0.02 for Winter 
Wheat to 4.26 % ± 0.15 in the Wooded plots with both stubbed and grazed plots 
exhibiting similar TOC contents at 3.92 % ± 0.11 and 3.66 % ± 0.15, respectively. 
Moreover, pH values determined for all plots are relatively similar with pH of  > 6. 
 
 
Figure 5.4:  Percentage OC (bar graph) and soil pH (red dots) of individual plot from 
Broadbalk Winter Wheat and Wilderness (n=3).  
 
5.4.2 Total Organic carbon and soil pH of Park Grass Experiment 
 
Figure 5.5 shows the percentage OC for all plots studied from the Park Grass 
Experiment as an average of three replicates. The OC content is 2.63 % ±0.19 to 7.26 




































receipt of chalk (3a, 7/2a, 9/2a and 14/2a) exhibit similar carbon contents that are 
higher relative to plots that have not been chalked (3d, 7/2d and 14/2d) except for plot 
9/2d. The 9/2d plot recorded the highest OC content of all plots despite having been 
chalked. Moreover, a very low soil pH (pH < 4) was observed in the 9/2d plot with 
two other unchalked plots, 3d and 7/2d exhibiting acidic pHs < 6. The remaining plots 
studied exhibited similar pH values in the range of pH 6.5 to 6.9. 
 
 
Figure 5.5:  Percentage OC (bar graph) and soil pH (red dots) of individual plots from 
Park Grass Experiment (n=3). The light green bar graph indicates lower 
pH sites whereas the darker green bar graph shows higher pH sites. 
 
5.4.3 Lipid distribution of Broadbalk Winter Wheat and the Wilderness 
 
Figure 5.6 and 5.7 depict partial chromatograms of TLEs of all plots studied from 
Broadbalk Winter Wheat and Wilderness. In general, similar lipid distributions were 
observed in all plots with a slight difference in abundance of individual compounds. 
In all plots, the n- alkanoic acids range from C12 to C34 with an even-over-odd 



































abundance of n-alkanoic acids of shorter chain length (< C20), particularly the iso- and 
anteiso- of the C15 and C17 components indicating a primary input from soil microbes 
(Grasset et al., 1998; Quenea et al., 2004; Otto and Simpson, 2006). The n-alkanol 
distributions also describe an even-over-odd carbon predominance ranging from C14 
to C34 and maximizing at C24, C26 and C28 in the wooded, stubbed/grazed, and winter 
wheat plots respectively. ω-hydroxycarboxylic acids are also observed with an even-
over-odd predominance ranging from C22 to C32 and maximizing at C30 in the winter 
wheat plot and C28 in Wilderness plots. The n-alkanes are observed at a relatively lower 
abundance than other alkyl lipids in all plots, exhibiting and odd-over-even 
predominance maximizing at C29 and C31. Sterols are observed in all plots and are 
dominated by plant sterols including stigmasterol, sitosterol, 5α-stigmastanol, 
campesterol and cholestanol (Puglisi et al., 2003; Otto and Simpson, 2005; Prost et al., 
2017). Similarly, cholesterol is also found in all plots as well as ergosta-7,22-dien-3β-
ol. 5β-stigmastanol is also observed in most plots except for Winter Wheat. Lupeol, 
ursolic acid and uncharacterised oleanolic acids are the triterpenoids observed to occur 
















5.4.4 Discrimination of soil using traditional plant wax biomarkers for 
Broadbalk and Park Grass Experiments 
 
For this comparative study, n-alkanes and n-alkanols were used to discriminate 
between soils as reported previously (Mayes et al., 2009). Using this approach, soil n-
alkane and n-alkanol profiles were characterised as the peak areas of the constituent 
homologues prior to statistical analysis. All data were normalized to the internal 
standard, to account for any variation caused by sample concentration or the 
instrument, followed by log transformation. Bray-Curtis dissimilarity matrices were 
obtained from the log transformed data which were then used to construct NMDS 
ordination plots. Analysis of similarities (ANOSIM) was carried out for both the n-
alkane and n-alkanol data sets and the R statistic was evaluated to reveal the level of 
separation between sample groups. The R value lies between zero (null hypothesis 
indicating no separation) and one (complete separation between groups). Similarity 
percentage (SIMPER) was also calculated to determine (in percentage terms) the most 
important compounds responsible for the separations observed. All analyses 
mentioned in this section were conducted using PRIMER 7 software (PRIMER-E Ltd, 
Plymouth, UK). 
 
5.4.4.1 Broadbalk Winter Wheat and Wilderness 
 
In this data set, separations between sites using the n-alkanes and the n-alkanols were 
demonstrated using an NMDS ordination plot as shown in Figure 5.8 and Figure 5.9 
along with their similarity/dissimilarity level indicated by the R value obtained from 
ANOSIM. Figure 5.8 reveals no distinct separation between groups using soil n-alkane 
profiles with a global R statistic value of 0.195 and P = 0.013. Similar results are also 
observed with pair-wise ANOSIM where each pair of plots exhibits small R values as 
detailed in Table 5.4. The smallest R value is shown between winter wheat and stubbed 
treatments with R = 0.008 and between grazed and stubbed treatments with a negative 
value of R. The unusual negative value of R suggests that variation within either grazed 
or stubbed replicates is greater than that observed between the two groups, this 




only Wooded 4 is observed to be further away from other plots, whereas the remaining 
plots are scattered randomly amongst the others.  
 
 
Figure 5.8: NMDS ordination plot of soil n-alkane profiles of selected plots from the 
Broadbalk Long-term Experiment and Wilderness (n=5).  
 
Interestingly, the soil n-alkanol profile reveals complete separation between all plots 
as shown in Figure 5.9. This is supported by the ANOSIM results with a global R 
statistic of 0.852 (P = 0.001), indicating a high dissimilarity level between plots. From 
the figure, the winter wheat plot exhibits greatest variation within a group with WW4 
placed further away from the rest of the soils. This results in relatively lower R values 
of the pair-wise ANOSIM between the winter wheat and wooded, winter wheat and 
grazed, and winter wheat and stubbed treatments of 0.680, 0.800 and 0.672, 
respectively. The remaining, pair-wise ANOSIMs exhibits R values of 1 with P values 
of 0.008 indicating complete separation between each plot. Details of the one-way 
ANOSIM results of soil n-alkanes and n-alkanols between each plot are summarised 





Figure 5.9:  NMDS ordination plots of soil n-alcohol profiles of selected plots from 
the Broadbalk Long-term Experiment and Wilderness (n=5). 
 
 
Table 5.3:  One-way ANOSIM significance test using soil n-alkanes and n-alkanols 
profiles for selected plots from Broadbalk Long-term Experiment and 
Wilderness. 
 wooded stubbed grazed 
(a) n-alkanes Global R = 0.195 (P = 0.013) 
 
stubbed 0.500 (P=0.008)   
grazed 0.416 (P=0.008) -0.104 (P=0.857)  
winter wheat 0.164 (P=0.032) 0.008 (P=0.429) 0.112(P=0.220) 
    
(b) n-alkanols Global R = 0.852 (P = 0.001)  
 
stubbed 1.000 (P=0.008)   
grazed 1.000 (P=0.008) 1.000 (P=0.008)  
winter wheat 0.680 (P=0.008) 0.672 (P=0.008) 0.800 (P=0.008) 
    
 
Subsequent to the ANOSIM test, a similarity percentage (SIMPER) analysis was 
performed using the n-alkanol profile data to determine the primary compounds 
responsible for the separation observed between the groups. The results reveal that at 




separation between each plot pairs, namely: 1-octadecanol (C18), 1-tetracosanol (C24), 
1-hexacosanol (C26), and 1-octacosanol (C28) are the major contributors. Table 5.4 
summarises the n-alkanols responsible for separation between each group. 
 
Table 5.4:  The n-alkanols responsible for separation between the Broadbalk plots 
obtained from SIMPER in descending order. 
Plots 
Compounds 
Wooded Stubbed Grazed 
    
Stubbed  C24, C18, C26, C29, C19   
Grazed C24, C26, C18, C29, C23 C18, C26, C24, C19, C23  
Winter Wheat C28, C23, C24, C29 C23, C28, C26, C18 C26, C23, C28, C18 
    
 
 
5.4.4.2 Park Grass Experiment 
 
For this data set, the n-alkane distributions range from C23 to C35, where, apart from 
the C28 homologue, the even carbon number n-alkanes are undetectable in the total ion 
chromatogram (TIC). The n-alkanol distributions, however, range from C18 to C32, 
including both odd and even carbon number homologues. An NMDS ordination plot, 
constructed using the square-root of the n-alkane peak area data, reveals no distinct 
separation between plots as shown in Figure 5.10. This is supported with a global R 
statistic value of 0.327, obtained from ANOSIM, indicating a low dissimilarity score 
between plots. However, it may be noted that some of the plots exhibit good separation 
between each other using the n-alkane profiles, for instance, 14/2a and 7/2a, 14/2a and 
3a, 14/2a and 7/2d have R values of 1 obtained from the pair-wise ANOSIM analysis 
although the P values for each pair indicate no significant difference between them 
(Table 5.6). Two plots, 9/2d and 14/2d exhibit no clustering within replicates as, in 





Figure 5.10:  NMDS ordination plots of soil n-alkane profiles of selected plots from 
the Park Grass Long-term Experiment (n=3). 
 
 
Similar to the Broadbalk data set, the soil n-alkanol profiles yield better clustering and 
segregation between some of the plots for the Park Grass experiment for instance, 9/2d, 
14/2d and 9/2a plots as shown in the NMDS ordination plot in Figure 5.11. The global 
R statistic also returns a relatively higher R value of 0.665 associated with the high 
dissimilarity level between these plots, as mentioned above. Plot 9/2d is the most 
removed from the other plots demonstrated by the pair-wise ANOSIM results which 
yield an R value of 1 for each plot paired with 9/2d except between 9/2d and 3d. 
Moreover, the pair-wise ANOSIM also exhibits higher R values between the 9/2a plots 
and others. However, the pair-wise ANOSIM does indicate that there are no significant 






Figure 5.11:  NMDS ordination plots of soil n-alkanol profiles of selected plots from 



















Table 5.5:  One-way ANOSIM significance test using soil n-alkanes and n-alkanols profiles for selected plots from Park Grass Long-term 
Experiment. 
  3a  3d 7/2a 7/2d 9/2a 9/2d 14/2a 
 a) n-alkanes Global R= 0.327 (P=0.001)     









 0.630  




 0.259  
(P=0.20) 
0.556 
























































Table 5.5 Continued 
 3a  3d 7/2a 7/2d 9/2a 9/2d 14/2a 
b) n-alkanols Global R= 0.665 (P=0.001) 
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(P=0.10) 






































5.4.5 Lipidomics as an alternative method for soil discrimination for the 
Broadbalk and Park Grass Long-term Experiments: Initial data 
quality assessment 
 
The two data sets (Broadbalk and Park Grass) were analysed back-to-back using a GC-
QTOF/MS (Agilent Technologies) as detailed in Chapter 2. The samples sequence was 
randomized for each data set to reduce any bias and variability associated with the 
instrument. Standards, blank samples and pooled QC samples were analysed at the 
beginning and in between samples to evaluate the stability of the analysis and to 
monitor the performance of the instrument throughout the analytical sequence. 
Initially, all chromatograms in the Broadbalk and Park Grass data sets were overlain 
and compared to determine the retention time drift throughout the analysis sequence 
as shown in Figure 5.112 and Figure 5.13 . The internal standard (n-hexatriacontane, 




Figure 5.12: (a) Partial gas chromatograms of all samples and (b) overlain internal 







Figure 5.13: (a) Partial gas chromatograms of all samples and (b) overlain internal 
standard peaks to determine the retention time drift in the Park Grass 
data set. 
 
The data were then analysed using Mass Hunter Workstation Qualitative Analysis 
software (Agilent Technologies) in the .D file format then exported into Mass Hunter 
Workstation Profinder B.08 software (Agilent Technologies) for pre-processing and 
alignment. The ‘batch recursive feature extraction for small molecules’ algorithm was 
used to perform chromatogram deconvolution, feature extraction, alignment, 
background subtraction and followed by data filtering. The following parameters were 
set for the pre-processing of both Broadbalk and Park Grass data: Peak Filters = 500 
counts, Ion Count Threshold = 10, RT Tolerance = 0.15 min, EIC Tolerance = 
symmetric (m/z ± 0.05), Extraction Range ± 1.0 min, Average Scan peak Spectrum > 
10 % of height, Chromatogram Peak Threshold = 5000 counts and Background 
Spectrum was selected at 55 min for background subtraction. The output molecular 
features were reported as compound groups in which each compound group 
represented an individual feature as well as the frequency at which the compound was 
found across the data set. For example, hexatriacontane was reported as one 
compound group (feature) and was found in all samples including QCs and blanks. 
The quality of the pre-processing and alignment was inspected visually for the 




compounds spanning the analytical run were observed and inspected including n-
alkanoic acids, n-alkanols, hydroxy acids, sterols, n-alkanes and the internal standard 
to evaluate the quality of feature extraction and alignment output. Figure 5.14 depicts 
aligned chromatograms and spectrum of the internal standard as an example of the 
pre-processing and alignment output.  
 
 
Figure 5.14:  Aligned chromatograms (a) and mass spectrum (b) of n-
hexatriacontane, C36 (internal standard) across all samples of the 
Broadbalk data set. 
 
Moreover, each of the features was also manually evaluated based on their 
chromatographic peak and mass spectrum variability between samples. Due to the 
changes of peak width over time, some of the features extracted resulted from peak 
fractionation and therefore these peaks were removed from the list of compounds. 
This is important to prevent/minimise risk of false positives in the downstream 
analysis that can lead to inaccurate statistical results. The final compounds extracted 
in Profinder were exported into Mass Profiler Professional, version B.14.5 (Agilent 
Technologies) as .CEF files, characterized by their [base ion] × [retention time] × 
[abundance], including all composite spectra of each feature. In MPP, data treatment 




the statistic and multivariate analyses on, as detailed in Section 2.8. A Kruskal-Wallis 
non-parametric test that assumed a non-normal distribution of data was performed for 
both the Broadbalk and Park Grass data sets to identify the significant compounds. A 
Benjamin Hochberg FDR multiple testing correction was also performed to minimise 
false negatives. The final compounds were used to perform multivariate analyses to 
identify the clustering patterns in the data set as described in Section 2.9.  
 
5.4.6 A lipidomics led approach for soil discrimination: A comparative 
assessment 
 
5.4.6.1 Quality control samples 
 
The aim of this study was to demonstrate the use of lipidomics in the field of 
biogeochemistry to discriminate between soils based upon an un-biased assessment of 
the lipid profile of a soil (derived predominantly from overlying vegetation, in turn 
affected by land-use and treatment). The processed and filtered data obtained was used 
to perform multivariate analyses, including PCA and HCA, to determine the clustering 
pattern of the data set. As is the norm for lipidomics studies, QC samples were 
prepared and included in the data set to evaluate the stability and variability of the 
analysis as described in Section 2.6.  
 
In this study, six pooled QCs were prepared and analysed together with the Broadbalk 
samples, however, one of them was excluded in the subsequent analyses due to a pre-
processing problem. Similarly, six pooled QCs were prepared and included in the 
analysis of the Park Grass data set. The pre-processing output extracted 310 and 227 
features from the Broadbalk and Park Grass data sets, respectively. Each extracted 
compound was aligned to its respective features across all samples based on their 
matched mass and retention time. The mass spectrum output at a retention time 55 
min was selected as representative background signal and used for subtraction to 
obtain the ‘cleaned’ mass spectrum of extracted peaks. The alignment output was 
evaluated across samples using several known compounds including the internal 
standard as mentioned in Section 5.4.5. Figure 5.15 shows a chromatographic peak of 




alignment output exhibits 30 aligned chromatographic peaks of n-hexatriacontane 
(corresponding to each sample and all QC in the data set) using a retention time 
tolerance of 0.15 min.  
 
 
Figure 5.15: Gas chromatographic peak (a) and mass spectrum (b) of n-
hexatriacontane, C36 (internal standard) aligned across all samples of 
the Park Grass data set using Mass Hunter Workstation Profinder 
B08. 
 
The aligned data were exported into Mass Profiler Professional (MPP) prior to log2 
transformation and mean-centering. Subsequently, the QC clustering was inspected 
using PCA. The outputs for both the Broadbalk and Park Grass data sets are shown in 
Figure 5.16 and Figure 5.17, respectively. From Figure 5.16, the position of the pooled 
QC samples is observable in the middle of all studied plots in the 3D PCA space 
indicating the homogeneity of the mixture comprising all samples studied. Moreover, 
it can also be seen that four QC samples show good clustering whilst QC5 is 
positioned slightly further away from the main QC cluster. The first three components 
of the PCA accounted for 63.96 % of the total variance with PC1, PC2 and PC3 





Figure 5.16:  3D PCA of all Broadbalk’s plots and pooled QCs reconstructed from 
minimum filtering of the treated data (filter by frequency only). 
 
The Park Grass data set exhibits a relatively greater variation in the QC clustering as 
the QC2 is positioned further away from the other QCs as shown in Figure 5.17. The 
remaining five QCs were positioned closer to each other. In addition, it may also be 
observed that the clustering of the QC samples is closer to the 3a and 3d plots 
indicating some similarity in composition between these control plots and the QC. 
Overall, the clustering of QC samples in both data sets depicts only slight variation 
between QC replicates indicating good stability and variability of the analysis. 
However, the position of the QC2 in the PCA was observed to be far-off from the 





Figure 5.17:  3D PCA of the sampling plots and pooled QCs from the Park Grass 
Long-term Experiment.  
 
5.4.6.2  Data filtering and compound identification 
 
 
Following the QC evaluation, all QC samples were removed from the data set prior to 
downstream analyses and determination of the significant compounds responsible for 
the observed clustering. Data filtering was performed using Filter by frequency (80 
%), Filter by sample variability (CV < 25 %) and Fold Change = 15 as mentioned in 
Section 4.5.4.1 (Chapter 4). A Kruskal-Wallis non-parametric test carried out on the 
filtered data of the Broadbalk and Park Grass data sets yielded the final discriminant 
compounds using a P value of 0.01. Thirty-three and twenty compounds were selected 
as differentiators for Broadbalk and Park Grass data sets, respectively. Compound 
identification was performed on the discriminant compounds using the IDbrowser 
identification tool available in MPP as detailed in Section 2.10. Following 
identification, manual checking was also carried out with raw data and pre-processed 




Table 5.6 list eight and thirteen identified compounds for Broadbalk and Park Grass 
data sets, respectively. The remaining compounds remain unidentified. 
 
Table 5.6:  List of identified compounds and their respective retention time for 
Broadbalk and Park Grass data sets. 
 Entities Retention time, minute 
Broadbalk 
1. ferulic acid TMS 18.44 
2. 1-tridecanol TMS 15.87 
3. 1-hexacosanol TMS 37.12 
4. lanosterol TMS 44.49 
5 1-heneicosanol TMS 27.10 
6. n-heneicosane 20.97 
7. 1-O-hexadecenylglycerol ether TMS 29.93 
8. 1-O-octadecylglycerol ether TMS 31.91 
Park Grass 
1. 5-dodecenoic acid TMS 15.43 
2. myristic acid TMS 17.33 
3. 9-tetradecenoic acid TMS 17.55 
4. palmitoleic acid TMS            19.92 
 5. oleic acid TMS 23.92 
6. 1-O-pentadecylglycerol ether TMS 25.40 
7. 1-O-hexadecenylglycerol ether TMS 27.71 
8. 1-O-heptadecylglycerol ether TMS 29.34 
9. n-pentacosane 29.89 
10. 1-hexadecenoin TMS 30.22 
11. 1-nonadecanol  TMS 32.82 
12. Lupeol TMS 47.18 




From the identified compounds listed in Table 5.6, it is interesting to note that the 
majority of the compounds selected by the Kruskal-Wallis test are present at low 
concentrations except for 1-hexacosanol in the Broadbalk soils and several n-alkanoic 
acids in the Park Grass soils. However, this test does not tell us which compound is 
responsible for differentiation between groups. However, the final discriminant 
compounds list reveals that n-alkanes, n-alkanols, n-alkanoic acids and MAGEs were 
among the important compounds for the separation observed between plots in both 
sites. 
 
Initial results show a clustering pattern for the Broadbalk plots using PCA as shown 
in Figure 5.18. Distinct separation between winter wheat, wooded, grazed and stubbed 
plots is observed with total explained variance for the three PCs being 64.66 %. 
Similar observations are seen for the dendrogram obtained from HCA using Euclidean 
distance and Ward’s linkage rule (Figure 5.19). The dendrogram depicts four distinct 
groups at the cutting line (red dotted line) across the dissimilarity distance scale where 
clustering follows the different plot sampled from Broadbalk. A cutting line (refer 
Figure 5.19) at a slightly higher dissimilarity distance, reveals three main clusters with 
stubbed and grazed plots grouped together. Considering all plots, the wooded soils are 
very dissimilar to the remaining three plots with a dissimilarity distance of 136.93, 
followed by winter wheat at 120.63. Stubbed and grazed plots were least dissimilar 
with dissimilarity distances of 84.26 although clear separation can still be observed 





Figure 5.18:  3D-PCA of soils constructed from final discriminant compounds of the 
Broadbalk Long-term Experiment and Wilderness samples. The 
ellipses drawn at each site only to show the grouping, it does not have 




Figure 5.19: Dendrograms showing four clustering (wooded, winter wheat, stubbed 
and grazed) of the Broadbalk Long-term Experiment at selected cut-off 




The Park Grass data set, however, only shows separation between some of the plots 
sampled as depicted, using PCA (Figure 5.20). Three groupings are observed along 
PC1 which accounts for 40.11 % from the total variance whereas minimal separation 
is observed along PC2 accounting for 32.9 % of total variance. As can be clearly seen 
from the PCA, distinct clustering is only achieved for 9/2d, controls, 7/2d and the other 
four plots. The four plots including 14/2a, 14/2d, 9/2a and 7/2a are not distinctly 
separated between each other in the PCA space. The control plots, however, exhibit 
little separation between limed and unlimed since the two plots are positioned 
relatively closer to each other in the PCA. Between all plots, the 9/2d plots are 
positioned at the furthest distance from the rest of the plots studied. 
 
HCA also reveals a similar clustering pattern for the Park Grass plots as shown in 
Figure 5.21. A dendrogram produced using the normalized intensity data exhibits 
three main clusterings as indicated by the red line which separates the 9/2d and two 
7/2d plots, control plots (3a and 3d) and the other four plots. Unlike in PCA, the 
dendrogram shows clustering of the two control plots regardless of their chalk 
treatment. All 9/2d plots are also found to be relatively least dissimilar to 7/2d plots 
although one plot of 7/2d clusters with the remaining four plots. The four plots, 
however, depicts no distinct clustering pattern except the 7/2a and 14/2a plots that are 







Figure 5.20:  2D-PCA score plot obtained from final discriminant compounds 
selected by the Kruskal-Wallis test on plots sampled from the Park 




Figure 5.21: Dendrogram generated from the discriminant compounds shows three 
main clusterings at the selected cut-off point (red-dotted line) which 
separated the acidic plots, control plots and the higher pH plots from 













5.5.1 Broadbalk Winter Wheat Long-term Experiment and the Wilderness 
 
Figure 5.4 shows a relatively higher percentage of TOC in the Broadbalk Wilderness 
plots compared with the Winter Wheat plots with a similar range of soil pH values 
being recorded for each plot (pH 6.5 – 7.0). Similar observations were reported by 
Knights et al. (2001) where lower OC contents were observed in plots receiving 
mineral fertiliser than in plots receiving FYM and the wooded and grazed Wilderness 
plots. Partial gas chromatograms of each plot (Figure 5.6 and 5.7) reveal an unclear 
variation in lipid distribution between plots making them difficult to characterize and 
discriminate between. As demonstrated in this study, a lipidomics-led approach 
enables discrimination between all four plots with different species of overlying 
vegetation that has arisen from different land-management practices. This is evident 
in the PCA and the dendrogram, Figure 5.18 and Figure 5.19 respectively, where the 
furthest separation is achieved between the wooded and other plots, followed by 
winter wheat, grazed and stubbed plots where the latter two plots show relatively little 
separation between them.  
 
This observation agrees with the differences in their dominant overlying vegetation 
with the wooded plot supporting a mixture of trees, shrubs and other vegetation such 
as ivy whereas the grazed and stubbed plots were covered with a less species diverse 
range of grasses and mix herbs (Bull et al., 2000). The winter wheat plot, however, is 
covered with a monoculture of Winter Wheat. Harmer et al. (2001) in their study on 
the development of species in Broadbalk Wilderness, classified the grazed and 
stubbed plots as meadow due to a similar species distribution where the former was 
dominated by rye grass (Lolium perenne) and the latter by mixed herbs and grass. In 
addition, Bull et al. (2000) analysed the total lipid extracts of mixed herbs and rye 
grass vegetation to reveal that their lipid distribution was similar but different in the 
relative abundance of individual lipids which support the lower dissimilarity level 
between the grazed and stubbed plots observed in the dendrogram. More interestingly, 




rye grass extracts as well as in the grazed soil (Bull et al., 2000). This well-known 
lipid biomarker for grass inputs, as well as ferulic acid which has also been reported 
as an indicator of non-woody vascular plant tissues (e.g. grass) (Otto and Simpson, 
2005), are amongst the discriminant compounds determined for the separation 
between the Broadbalk soils. In parallel, the heatmap also reveals the similar response 
of these two compounds in both grazed and stubbed plots (Figure 5.22). 
 
 
Figure 5.22: Dendrograms showing the clustering between the grazed and stubbed 
plots with a heatmap for each significantly different compound and their 
response in both plots. Red colour boxes in the heatmap indicate up-
regulated respond or relatively higher abundant compound whereas blue 
boxes shows down-regulated or relatively less abundant compound.  
  
 
This demonstrates the difficulty of discrimination for these two plots using a 
molecular approach solely without prior knowledge of the plot. Therefore, the diverse 
range of lipids used in a lipidomics-based study is an advantage. Moreover, the 
different responses of compounds in each plot was visualised using the heatmap, to 
determine the variation of the compounds which are responsible for the separation. As 
in this study, it is suggested that the separation between grazed and stubbed plots is 
achieved from at least four compounds (highlighted in box in Figure 5.22), including 




discrimination between them to be apparent as in the dendrogram. Not all of these 
compounds are observed in the chromatograms and some of them were unidentifiable 
at this stage and are represented by their base peak and retention time. The n-
heneicosane is commonly reported as deriving from cuticular waxes of many higher 
plants and has not been reported as an exclusive marker of any specific input nor 
dominating the n-alkanes in any plant species (Marseile et al., 1999).   
 
The other unidentified compound does not permit the origin of the lipid to be 
determined. For now, this may be viewed as a weakness of this lipidomics approach 
as the identification of compounds is dependent on the quality of the mass spectrum 
extracted during the pre-processing step as well as the availability of the suitable 
reference spectra in a commercial library. The diverse range of extractable lipids from 
soil and the overlying vegetation as well as other potential extraneous inputs, remain 
the main challenge in environmental lipidomics research. However, this study reveals 
that both lipidomics and plant wax marker analysis are capable of dealing with real 
scenarios involving two questioned soils, which are in close proximity to each other 
and support very similar vegetation. Using the lipidomics approach, a more sensitive 
technique which untilises the low abundance compounds, discrimination between 
soils with subtle differences in their vegetation (grazed vs stubbed) may be made. 
Analogously, plant wax biomarker, n-alkanols alone also enable a distinct separation 
between grazed and stubbed to be made. This is suggested as being due to the obvious 
difference in n-alkanol distributions as well as being the dominant compounds in each 
plot studied as detailed in Table 5.4. Previous work also reports the difference in the 
n-alkanol dominant homologue in wooded, grazed and stubbed plots where the former 
exhibits a C24 (n-tetracosanol) homologue, and the latter two plots maximise at the C26 
(n-hexacosanol) homologue but with a higher relative concentration in the grazed (van 
Bergen et al., 1997). The winter wheat plot, however, shows a predominant C28 (n-
octacosanol) homologue as indicated in the soil extract and SIMPER analysis. The 
ANOSIM performed with the plant wax biomarker analysis enables the degree of 
separation between plots to be made using the R value obtain from the pair-wise 
ANOSIM. This is seen as an advantage particularly when it involves a court case as it 





5.5.2 Park Grass Long-term Experiment 
 
The relatively higher OC content in plot 9/2d is suggested to derive from better 
preservation of organic matter favoured by the acidic conditions of the soil, which 
accounts for about 1-5 % of the lipid input into the soil (Bull et al., 2000). Silvertown 
et al. (2006) reported that development of a mat due to slow decomposition and 
accumulation of organic material is also higher when the soil pH is low leading to 
higher amounts of OC in soil. This is supported by previous researchers who observed 
an increase in the mass of total lipid extracts at lower pH soil, which is associated with 
an increase of the long chain n-alkanols, n-alkanoic acid, ω-hydroxyalkanoic acids 
and α,ω-alkanedioic acids and a concomitant decrease in shorter chain (<C20) n-
alkanoic acids (Bull et al., 2000; Nierop et al., 2005).  
 
Since a dominant contributor of the short chain alkanoic acids is the soil microbial 
community, this supports the assumption that the higher preservation of lipids is due 
to the inhibition of soil microbial activity under acidic conditions (van Bergen et al., 
1998; Nierop et al., 2005). Moreover, soil acidification also causes a restriction in the 
growth of most vegetation species, leading to a less biodiverse vegetation cover as 
observed in the 9/2d plot where only four species were observed dominated by: 
Anthorantum odoratum, Holcus lanatus and Agrostis capillaris which accounted > 90 
% from the total vegetation. Similarly, previous work reports monocultures of 
Anthorantum odoratum and Holcus lanatus in plots 10d and 11/1d, respectively, from 
the Park Grass Experiment both of which exhibit acidic environments (van Bergen et 
al., 1998; Bull et al., 2000). However, this trend is not true for the slightly acidic 
treatments such as plot 7/2d which exhibits a pH of 5.7 where the OC is lower than 
those recorded in the other higher pH plots. 
 
Soil acidification in agricultural soil, as reported by Goulding (2016), arises primarily 
from the application of ammonium-based fertilizers resulting in a pH reduction of the 
soil when the ammonium (NH4
+) ions are converted to nitrate ions (NO3
-) to yield free 
protons. In many of the plots in Park Grass, including 9/2a, a liming treatment was 
applied to neutralize the soil pH and maintain it at a suitable level for optimum crop 




extreme low pH soil hence reduce the chances of many species surviving (Goulding, 
2016). Table 5.7 depicts critical soil pH for various crops and forages, indicating the 
importance to control acidification effect in agricultural soil as many of them requires 
higher pH (pH > 6) for their optimum growth (Goulding, 2016).  
 
Table 5.7: Various crops and forages and their critical soil pH (adapted from 
Goulding, 2016). 
 
Crops/Forages Plants Critical pH 
Crops Field bean 6.0 
Barley 5.9 
Sugar beet 5.9 
Pea 5.9 









Forage Luceme 6.2 
Vetch 5.9 
Red clover 5.9 





A lipidomics-based approach to the discrimination between Park Grass plots yielded 
a poor separation between them although, as can be seen from the PCA results and 
dendrogram (Figure 5.20 and Figure 5.21), the 9/2d plot does cluster with more 
distinct separation than is observed for the other plots. This supports the notion that 




the differences in soil pH which give rise to differences in the overlying vegetation. 
However, it is interesting to note that separation is also observed for both control plots, 
limed (3a) and unlimed (3d), which is also likely driven by pH (pH 6.9 and pH 5.9 
respectively). These two plots cluster together apart from both 9/2d, 7/2d and the 
remaining four plots. In this set of samples, four plots (14/2a, 14/2d, 9/2a and 7/2a) 
which exhibits relatively higher soil pH (> 6.5) shows no separation among them.  
 
As reported in previous work concerning the Park Grass Long-term experiment, 
different fertilizers, particularly the nitrogen and phosphorus applied onto individual 
plots resulted in a variation of the soil pH and hence influence their species diversity, 
particularly on the unlimed plot (d) (Bull et al., 2000; Silvertown et al., 2006). This is 
evident in the subset plots of the Park Grass Experiment which exhibit a negative 
correlation with nitrogen input, where the plot shows an increase in the overall plant 
diversity after being stopped from receiving nitrogen fertilizer and reduced from being 
expose to the atmospheric nitrogen caused by pollution in 1990s (Storkey et al., 2016). 
In terms of diversity, the application of nitrogen, in any form, leads to a relative 
species reduction in the plots with an even further reduction in the plot with no liming 
treatment (Storkey et al., 2015, 2016). The control, chalked plot was found to show 
the highest species diversity of all. Overall, the plant species diversity in Park Grass 
follows the order: chalked control > unchalked control and plots receiving P and K 
with no N input > plot receiving N > unchalked plot receiving N as ammonium nitrate 
(Storkey et al., 2016).  
 
As the lipid composition in soil derives primarily from the overlying vegetation, 
different soil lipid profiles between different plots are observed, particularly, for plots 
with obvious differences in vegetation cover (e.g. monoculture vs heteroculture) as 
demonstrated by the separation between 9/2d plot and the others. Four main 
groupings, as observed in the PCA from Figure 5.20, are indicative of differences in 
the lipid profile and composition of each grouping. This is further demonstrated in the 
heatmap obtained from the clustering analysis which reveals lipids that exhibit 
variation in their abundance in each plot (up/down-regulated) associated with the 
observed clustering (Figure 5.21). From the figure, it is interesting to note that, 1-O-




indicating the relatively low abundance or absence of these compounds in this plot. 
MAGEs have previously been reported as biomarkers for sulfate reducing bacteria 
(SRB) in marine settings but their wide occurrence in the terrestrial environment 
(different pH and different setting) is likely to arise from a variety sources of this 
compound from the microbial community e.g. Gram-positive, Gram-negative bacteria 
etc. (Yang et al., 2015; Wang and Xu, 2016).  
 
As listed in Table 5.6, there are three MAGEs, 1-O-pentadecyl glycerol (C15), 1-O-
hexadecyl glycerol (C16) and 1-O-heptadecyl glycerol (C17) identified as discriminant 
compounds responsible for the grouping observed in the Park Grass data set. Similar 
compounds were also found to be the most dominant MAGEs found in various soils 
and river sediments regardless of pH (Wang and Xu, 2016). In this study, however, 
all MAGEs were present at very low abundance in the low pH plot, 9/2d, suggesting 
a potential inhibition of the bacteria producing these compounds at low soil pH. This 
is in contrast with previous work which reports the occurrence of the MAGEs over a 
wider range of soil pH (3.5 to 9.9) (Yang et al., 2015). This class of lipid has been 
reported to be detected only in samples which undergo saponification. Previous work 
has suggested that the presence of MAGEs in soils is primarily due to gram-positive 
bacteria and fungi and that the relative distribution of the MAGEs in samples enables 
them to be utilised for determining between different environmental settings (e.g. soil, 
river sediment and cave deposit) (Yang et al., 2015; Wang and Xu, 2016). In this 
study, a lipidomics-based approach enables discrimination between high and low soil 
pH to be made using 1-O-pentadecyl glycerol, 1-O-hexadecenyl glycerol and 1-O-
heptadecyl glycerol in combination with n-heneicosanol and two other unidentified 
compounds. This is supported by the heatmap (Figure 5.23) which shows lower levels 
(blue) of these three MAGEs in 9/2d but much higher levels in other plots studied 




Figure 5.23:  Dendrogram shows clustering of Park Grass’s plots with heatmap 
showing different responses (normalized intensities) of each final 
discriminant compound selected.  
 
Although clustering is not achieved for individual plots in Park grass, separation is 
seen to arise from the differences in soil acidity. This study shows that soil 
discrimination is based on lipid inputs from the different plant species of overlying 
vegetation with indirect influence from the soil pH. However, whether high pH soils 
exhibit similar vegetation diversity is still obscure as many of the discriminant 
compounds were not identified. From the species composition perspective, plots 7/2a, 
9/2a, 14/2a and 14/2d were dominated by Alopecurus pratensis (Meadow foxtail) and 
Arrhenatherum elatius (False oat grass) which likely explains the grouping observed. 
In addition, the heatmap reveals that both control plots clustered together and were 
not separated into chalked and unchalked treatments despite their differences in 
species composition (Appendix H). This is suggested to be due to the similar primary 
component residing these plots; Agrostis capillaris and Festuca rubra, albeit in 
different percentage abundances. It was found that several compounds including 




(red) responses only in the control plots (Figure 5.23), which were responsible for the 
grouping observed. 
 
5.5.3 Lipidomics approach enabling soil discrimination between two Long-
term experiments: Broadbalk and Park Grass 
 
 
This part of the chapter aims to test the capability of the lipidomics technique in 
dealing with an even more challenging data set comprising plots with subtle 
differences in land-use history. Up to this point, the Broadbalk and Park Grass soils 
have been considered as separate data sets. However, by using the lipidomics-led 
approach detailed above, distinct separation may also be achieved between plots from 
these two experiments. To demonstrate this, a total of five plots from Broadbalk and 
Park Grass were selected based on their difference in properties (e.g. pH) and 
vegetation cover including wooded, winter wheat, 9/2d, chalked control and 
unchalked control. The rationale of selecting these plots is to demonstrate the 
capability of a lipidomics-based method to recognize changes in lipid composition 
intra-site (wooded vs winter wheat and control vs 9/2d) as well as inter-site (Broadbalk 
vs Park Grass).  
 
Prior to data treatment and statistical analyses, these two sets of data were pre-
processed together to eliminate variation arising from different processing batches as 
well as to ensure compound alignment was achieved between the two data sets. 
Subsequently, similar treatments as detailed in Section 5.4.6.2 (as in Broadbalk and 
Park Grass) were conducted prior to the Kruskal-Wallis test. Ninety-nine compounds 
were found to be significantly different and responsible for the separation observed 
with a P value = 0.005. Interestingly, the PCA shows separation between the two sites 
as well as between plots except for the control plots from Park Grass as shown in the 
Figure 5.24. This separation is observed along PC1 whereas separation between the 
wooded and winter wheat plots is achieved along PC2. As these two agricultural sites 
were covered with similar types of soil, a silty clay loam, the primary cause for the 
differences observed between plots most likely arises from the variation in their 
overlying vegetation and pH. However, contributions from soil microbes to the soil 




important lipids (e.g. branched and short chain n-alkanoic acid and MAGEs) for 
discriminating between soils with different acidities. 
 
 




Similarly, the dendrogram shown in Figure 5.25 correspondingly depicts clustering 
between the Broadbalk and Park Grass samples branched out at dissimilarity distance 
of 287.97. The wooded and winter wheat plots are further clustered themselves within 
the Broadbalk site with a relatively lower dissimilarity distance of 229.39 whereas 
9/2d plots were separated from both control plots at a dissimilarity distance of 183.63 
where the chalked and unlimed plots are also found to be relatively less dissimilar (not 
shown). From the two data sets studied, it is shown that the discrimination between 
plots is primarily influenced by vegetation (Broadbalk) but also by soil pH (Park 
Grass). the the Broadbalk soils exploits the different lipidomes resulting from different 
vegetation (e.g. grass vs woody species) whereas the Park Grass exploits differences 
arising from both differing vegetation and soil microbial activities resulting from pH 
variation in soil. It has been reported that distributions of organic acids including n-
alkanoic acids, ω-hydroxyalkanoic acids and α,ω-alkanedioic acids show a relative 
increase in concentration in low pH soils (Nierop et al., 2005) and an analogous 
increase of n-alkanes has been reported in soils with a higher pH (alkaline) (Bull et 





Figure 5.25:  Dendrogram showing the clustering between plots from Broadbalk and 
Park Grass obtained, using Euclidean distance and Ward’s linkage rule, 
for ninety-nine compounds identified as discriminant at (P=0.005). 
 
Overall, it may be seen that using only n-alkanes and n-alkanols to discriminate 
between different soils is less effective considering the wide range of natural and 
anthropogenic treatments to which a soil may be exposed, resulting in a complex 
lipidomes. A lipidomics-based approach can provide a greater degree of 
differentiation between plots as it includes untargeted lipids in the selection of the soil 
discriminators. Moreover, the fold change analysis used as a compound filtering 
option and the heatmap obtained in the final stage after the discriminator selection has 
helped to identify the lipids responsible for clustering, thereby, revealing compounds 
that may constitute novel biomarkers subject to further testing, e.g. MAGEs. 
Interestingly, some of the lipids listed are already known biomarkers characteristic of 
specific inputs, for example, n-hexacosanol is generally considered indicative of an 
input from grasses and is observed to be relatively higher in grazed and stubbed plots 
from the Broadbalk Wilderness Long-term Experiment (e.g. Bull et al., 2000; Jansen 
et al., 2006). In comparison, the n-alkyl-lipid distributional approach, performed for 
both the Broadbalk and Park Grass results in a less effective means for discrimination 
between plots. This is particularly true with respect to soil n-alkanes which did not 
enable discrimination between any plots sampled from Broadbalk (Figure 5.8) and 
Park Grass (Figure 5.10) but, the soil n-alkanol distribution enables complete 




Grass plots (Figure 5.11). This shows that the increasing complexity level of data sets 
such as in Park Grass requires more diverse lipid compounds to depicts clear 
separation between plots. 
 
McCulloch et al. (2018) report the use of wax biomarkers in discriminating between 
soils in close proximity, with only one site showing 100 % correct classification when 
measured with a canonical discriminant function analysis (CDFA). The discriminating 
power of the wax biomarkers can potentially be improved by including more lipid 
compounds, such as sterols, stanols, aldehydes and ketones (McCulloch et al., 2018). 
In this study, we demonstrate the capability of lipidomics to identify forensically 
relevant sites, which are spatially close to each other, using a more holistic soil 
lipidome, although many of the discriminators remain unidentifiable at this stage. 
 
5.5.4 Building and cross-validating a prediction model 
 
A prediction model that can accurately predict the origin of a soil is a much sought 
after tool in forensic research as it could reduce a search region or even better, 
determine the exact origin of a soil of interest and thereby enable a soil match to be 
found at an earlier stage of an investigation. Ideally, an effective prediction model is 
built using a large number of samples to obtain enough training data for identification 
of predictor compounds for each class studied (Westerhuis et al., 2008). Extracted 
compounds are then used as a classifier for the discrimination of future samples in the 
sample prediction. Cross-validation of the model is essential, particularly for small 
sample sizes, so as to evaluate the accuracy of the model and its prediction 
(Westerhuis et al., 2008). A smaller sample size (fewer number of groups and their 
replicates) data set is recommended to use a leave-one-out cross validation strategy 
and was adopted in this study.  
 
A partial least square - discriminant (PLS-D) model was built using discriminant 
compounds from the Broadbalk data set; it was then used for sample prediction. Figure 
5.26 depicts the output of the PLS-D model, which shows separation amongst each 
group of the Broadbalk soils with the total cumulative variance of the first three 




explanation of these terms) for the model were 0.927 and 0.663, respectively. 
Subsequently, a ‘leave-one-out’ cross validation was performed by excluding one 
sample at a time to obtain the training model which the left-out sample was then tested 
against. Twenty individual training models were built, and their prediction results are 
summarised in Table 5.8 along with a confidence measure for the prediction. The 
accuracy prediction output was assessed by considering the relative Q2 value as well 
as the corresponding confidence measures of the prediction. The accuracy of both 
training model and the prediction result is indicated by a higher value (closer to 1) of 
R2 and Q2 which represent the accuracy of the model fit and the accuracy of the 




Figure 5.26:  PLS-D analysis plot containing all replicates (n=5) from all plots 




Table 5.8:  Leave-one-out cross-validation results obtained using PLS-D analysis model for the Broadbalk data set (R2 indicates accuracy of the 
model, Q2 indicates the accuracy of the prediction). 




component R2 Q2 
% Cum variance  
(3 comp) 
wooded 1 wooded 0.695 3 0.926 0.678 65.17 
wooded 2 wooded 0.882 3 0.897 0.599 68.89 
wooded 3 wooded 0.743 3 0.92 0.653 68.97 
wooded 4 wooded 0.721 3 0.906 0.601 67.18 
wooded 5 wooded 0.815 3 0.912 0.638 65.67 
stubbed 1 stubbed 0.718 3 0.918 0.63 70.08 
stubbed 2 stubbed 0.797 3 0.919 0.618 66.48 
stubbed 3 stubbed 0.711 3 0.922 0.624 63.65 
stubbed 4 stubbed 0.767 3 0.915 0.647 69.67 
stubbed 5 stubbed 0.736 3 0.928 0.706 70.13 
grazed 1 grazed 0.601 3 0.911 0.629 66.38 
grazed 2 grazed 0.950 3 0.908 0.595 62.62 
grazed 3 grazed 0.642 3 0.877 0.489 66.18 
grazed 4 grazed 0.447 3 0.94 0.703 64.47 
grazed 5 grazed 0.844 3 0.897 0.563 62.30 




Table 5.8 continued 




component R2 Q2 
% Cum variance  
(3 comp) 
winter wheat 1 winter wheat 0.489 3 0.935 0.675 68.2 
winter wheat 2 winter wheat 0.628 3 0.95 0.697 69.16 
winter wheat 3 winter wheat 0.560 3 0.909 0.645 70.08 
winter wheat 4 winter wheat 0.663 3 0.941 0.764 69.67 













The prediction outputs, given in Table 5.8, show that all twenty samples were 
correctly predicted. From the table, all wooded and stubbed plots indicate a smaller 
variation in their Q2 values with higher (> 0.897) values of R2 for each model. This 
shows a consistency of the replicates in which any four of the individual samples used 
to build a prediction model were able to obtain a consistent classifier for a correct 
prediction. In contrast, grazed plots depict larger variation in the Q2 which ranges 
between 0.489 to 0.703 despite the high R2 values (> 0.877) of the model. This 
indicates greater variability of the classifier between replicates which also shows 
higher variation in its confidence measure. The correct prediction of each model tested 
might be improved by increasing the number of replicates. In addition, using multiple 
models built for a particular group for sample prediction is seen to be a better way to 
achieve an accurate and reliable result for an unknown sample as it covers range of 
classifier for each group from the multiple training models (Westerhuis et al., 2008).  
 
Sample prediction was not performed using the Park Grass data set as it involved only 
three replicates representing each plot, which is less reliable for the construction of an 
effective prediction model. Furthermore, a higher number of plots (8 plots in total) for 
the Park Grass data set might present a difficulty in determining the classifier for each 
grouping. As far as can be ascertained, the majority of metabolomic/lipidomic studies 
usually use two or three classes within a data set although studies with more classes 
have been reported (Musharraf et al., 2016; Hadi et al., 2017). In addition, there are 
commonly hundreds, or thousands of samples (biological replicates) representing each 
group in such investigations, particularly when involving biological samples. 
Conversely, a lipidomics-based approach for soil analysis adopted in this study, that 
included a larger number of replicates was unviable due to time constraints. Even 
though a prediction model was not built for the Park Grass data set in this study, future 
work utilising a larger number of replicates could make the construction of such a 












5.6 Implications for the discrimination of soils in forensic studies 
 
This chapter reveals an alternative and better method for soil discrimination which is 
of particular value for forensic investigations, as it enables soil comparisons to be 
made within close geographical proximity. The subtle differences between the 
adjacent plots of the Broadbalk Wilderness and the capability of lipidomics to 
distinctly discriminate between them has demonstrated the sensitivity and high 
discriminatory power of this method. Furthermore, it is suggested that with further 
improvement in the model prediction in combination with measurable statistical 
analysis, such as analysis of similarity (ANOSIM) or canonical discriminant analysis 
(CDA), forensic investigation of closely related soils will produce better results with 
higher accuracy with potentiality for deployment in legal proceedings. It is also 
notable that a lipidomics-based approach utilises the many compounds present at low 
levels which are neglected in conventional lipid analysis. A further advantage of this 
technique is that it can lead to the discovery of new biomarkers in this field. 
 
5.7 Conclusions  
 
This chapter demonstrates the capability of a lipidomics-led approach for 
discriminating similar soils differing only in recent land-use history. Using this 
technique, the Broadbalk soils clustered based on their difference in overlying 
vegetation. However, the Park Grass plots exhibited a clustering based on the 
overlying vegetation and differences in the soil pH (whereby higher pH plots were 
found to be clustered together potentially due to a very small variation between plots 
supporting similar plant species biodiversity at different relative proportions). 
Compared to the more traditional lipid distributional methods, better clustering is 
achieved using a lipidomics-led approach as it considers a much wider range of lipids, 
that are affected differently by various environmental changes, in an impartial and 
more holistic manner. Overall, a lipidomics-led approach offers a more reliable 




























An assessment of the 
discriminative power of a 
lipidomics-based method 
to distinguish peat derived 






6. An assessment of the discriminative power of a lipidomics-based method 
to distinguish peat derived from different sources of vegetation 
 
6.1 The development of peatlands and its interrelation with hydrological and 
botanical succession  
 
Peatland is a type of wetland covered with peat layers derived from the accumulation 
of partially decayed plant materials (Posa et al., 2011; Dohong et al., 2017). Mire is 
another term used to describe peatland which is still actively producing peat (Čivić 
and Jones-Walters, 2010). One of the main characteristics of this ecosystem is the 
water-logged environment which results in an oxygen deficient (anoxic) zone thereby 
inhibiting microbial activity and reducing the decomposition rate of organic materials 
(Shotyk, 1988; Gajewski et al., 2001; Dohong et al., 2017). Peat develops continuously 
in most peatlands, with deposits forming over thousands of years, resulting in thick 
layers spanning several metres incorporating a corresponding vegetation record. Plant 
macrofossils preserved within peat are valuable because they serve as a proxy for the 
past hydrological cycle and climatic conditions (e.g. Ronkainen et al., 2014). Within 
such environments, hydrology is a key factor that influences the dominant plant 
species responsible for peat formation (Wheeler and Proctor, 2000); and all of these 
parameters are interconnected as shown in Figure 6.1. 
 
 
Figure 6.1: The interrelations between plants, water and peat in a mire (adapted from 




Globally, peatlands are estimated to cover about 4.42 million km2 of which nearly 90 
% exists at northern latitudes (Wu et al., 2017) whereas the remainder are tropical 
peatlands, concentrated in the South-East Asian region, with, about 98 % of the 
peatland area falling within the boundaries of Indonesia and Malaysia (Dohong et al., 
2017). Based on the global distribution of peatlands, it is evident that peatland 
establishment is favoured in colder and more humid regions which promotes the 
accumulation of peat through water saturation. Such environment result in the 
formation of boreal/temperate peatland dominated by bryophytes. Conversely, the 
contrasting climate settings in which high temperature and high precipitation lead to 
the formation of a tropical peatland, mostly occur under tropical rainforests (Posa et 
al., 2011; Dohong et al., 2017). This leads to geographically distinct peatlands having 
different dominant species of vegetation (i.e. peat formation in tropical lowland is 
largely by woody plants and leaves falling as debris whereas temperate and boreal 
zone peatlands derive primarily from mosses and herbaceous species) (Montanarella 
et al., 2006; Posa et al., 2011). 
 
Temperate peatlands can be classified as either ombrotrophic or minerothrophic 
depending upon how they receive water (Gajewski et al., 2001). ’Ombrotrophic’ peat, 
typified by peat bogs, receives water solely from precipitation, whilst ‘minerothrophic’ 
peat or fens also receive water sourced from underground (Gajewski et al., 2001; Hill 
et al., 2016). Bog surface water is relatively acidic (pH < 4) due to the organic acids 
contributed by the rain water (Shotyk, 1988; Posa et al., 2017). Therefore, only 
vegetation with low nutrient requirements and/or hyperacidic species can survive in 
this environment. Sphagnum moss sp. dominates this type of peatland due to its 
inherently high water holding capacity enabling it to flourish even during wetter 
climate events (Shotyk, 1988; Gajewski et al., 2001). Conversely, fen surface water 
has a higher pH (6-8) due to the availability of mineral bases in the underground water 
source that act to neutralize organic acids and raise pH (Shotyk, 1988). Due to the 
relatively higher nutrient content in minerotrophic peat, more diverse bryophytes and 
vascular plants species are commonly found in these environments (Shotyk, 1988; Hill 







6.2 Biomarkers studies in peatland environment 
 
Molecular marker or biomarker analysis is a technique that has been extensively used 
to study peatland environments (e.g. Nott et al., 2000; Pancost et al., 2002; Nichols 
and Huang, 2007; Ortiz et al., 2011; Schellekens and Buurman, 2011; Abbott et al., 
2013; Ronkainen et al., 2013; Zocatelli et al., 2014; Schellekens et al., 2015a, 2015b). 
This technique is convenient and valuable because lipid compounds, used as 
biomarkers, are well-preserved in peat even after thousands of years (Nott et al., 2000; 
Pancost et al., 2002). Lipids (e.g. long-chain alkyl lipids) in peatland ecosystems are 
predominantly derived from plants including bryophytes and vascular plants (Baas et 
al., 2000; Nichols and Huang, 2007; Ronkainen et al., 2013) as well as from fungi and 
bacteria thus their occurrence in peat cores provides an assessment of the predominant 
vegetation constituting a particular peat layer corresponding to a specific time in the 
past. For that reason, the succession of plant species during peatland development, 
which was influenced by hydrological and climatic conditions, can provide botanical 
records that enable paleoenvironment reconstructions to be made. 
 
Biomarker analysis has become commonplace in the study of peatlands and serves as 
a complementary technique to macrofossil, palynological and testate amoeba analyses 
(Nichols et al., 2006; Bingham et al., 2010; Das, 2014; Inglis et al., 2015). Macrofossil 
analysis, despite having been widely used, is restricted as the plant material must be 
well preserved and identifiable (Pancost et al., 2002; Schellekens and Buurman, 2011). 
This prerequisite seems to be achieved mainly in peat bogs where degradation of the 
bryophytes, comprising primarily species of Sphagnum, is very slow, such that plant 
remains are only partially decayed and recognizable by their morphology (Ronkainen 
et al., 2013). As a result, many macrofossil analyses have been conducted on 
ombrotrophic peats where identification of Sphagnum remains are possible (Nott et 
al., 2000; Pancost et al., 2002; Bingham et al., 2010). Conversely, vegetation from fen 
peatlands is harder to identify due to the higher decomposition rates of organic material 
in these environments although below-ground parts (e.g. roots) have been used as 
indicators of fen peats or fen-bog transition phase (e.g. Ronkainen et al., 2013). 




peat, this technique has been found to be more conclusive when applied with 
macrofossil techniques in determining inputs of fen peat (Ronkainen et al., 2014). 
 
Previous work has reported that Sphagnum sp. are predominant in bog peat and can 
survive in waterlogged, anoxic, acidic environments, therefore their predominant 
occurrence inferred from peat extracts can be associated with wetter conditions 
(Schellekens and Buurman, 2011; Gajewski et al., 2001). Considerable work has been 
carried out to compare Sphagnum and non-Sphagnum distributions using the 
techniques mentioned above. However, to date, none of these techniques are 
comprehensive. Amongst all the techniques, biomarker analysis seems to provide 
better insights since a single analysis can provide multiple pieces of information 
derived from lipid distributions and/or their stable isotopic composition (Xie et al., 
2004). Even so, other sources of information such as macrofossil and/or palynology 
records should not be disregarded and are best included as part of a holistic assessment. 
 
Several lipid biomarkers are commonly used to identify dominant peat vegetation and 
thus provide a link to their corresponding growth environment. The most extensively 
used molecular proxies are n-alkane distributions and ratios of specific n-alkanes, 
previously reported as good indicators for discriminating between Sphagnum and non-
Sphagnum inputs. Studies of modern bog vegetation show Sphagnum to be associated 
with a high abundance of low-molecular-weight (LMW) n-alkanes, particularly (C23 
and C25) (Baas et al., 2000; Nott et al., 2000; Bingham et al., 2010) and a 
correspondingly low abundance of high-molecular weight (HMW) n-alkanes (C29, C31 
and C33) (Baas et al., 2000; Pancost et al., 2002). Bingham et al. (2010) reported on 
lipid distributions in 12 Sphagnum species revealing that in all samples, n-alkane 
distributions maximized at the C23 homologue with the exception of four species 
(S.comoactum, S. fimbriatum,  and S. magellanicum) which maximized at the C25 and 
(S. rubellum) C31 homologues instead. This report agrees with work conducted by 
Pancost et al. (2002) which found the C23 and C25 n-alkanes to be predominant in three 
Sphagnum species that dominated a Dutch ombrotrophic bog. The results from several 
studies of n-alkane distributions from different European Sphagnum species are 





Table 6.1:  Comparison of n-alkane maxima recorded among different Sphagnum 
species from ombrotrophic bogs across Europe. (*predominant n-alkanes 
for * reference). 
 
As shown in Table 6.1 above, most Sphagnum species exhibit the C23 homologue as 
the dominant n-alkane with four exceptions where the C25 homologue is predominant 
Sphagnum sp. Predominant n-alkanes References 
S. compactum C25 and C31, C23 Baas et al. (2000), Ortiz et al. (2011) 
S. cuspidatum C23, C23; C31* 
Baas et al. (2000) and Bingham et al. 
(2010); Pancost et al. (2002); Ortiz et al. 
(2016)*  
S. fabricatum C25 Baas et al. (2000) 
S. imbricatum C23 Baas et al. (2000); Pancost et al. (2002) 
S. magellanicum C25 Baas et al. (2000); Bingham et al.  (2010) 
S. molle C25 and C31 Baas et al. (2000) 
S. palustre C23 Baas et al. (2000) 
S. papillosum C23; C23; C23 and C31 
Baas et al. (2000); Ronkainen et al. 
(2013); Bingham et al. (2010) 
S. pulchrum C23 Baas et al. (2000) 
S. recurvum C23 and C31 Baas et al. (2000) 
S. rubellum C31 or C25
 and C31 
Baas et al. (2000); Pancost et al. (2002); 
Bingham et al. (2010) 
S. tenellum C23 Baas et al. (2000); Bingham et al. (2010) 
S. angustifolium C23 Bingham et al. (2010) 
S. balticum C23 Bingham et al. (2010) 
S. fuscum C25 Bingham et al. (2010) 
S. lindbergii C23 and C31 Bingham et al. (2010) 
S. majus C23 Bingham et al. (2010) 
S.denticulatum C23 Ortiz et al. (2011); Ortiz et al. (2016) 
S. subsecundum C23*; C25 and C29 
Ronkainen et al. (2013)*; Ortiz et al. 
(2011) 




(S. fabricatum, S. magellanicum, S. molle and S. fuscum), two species show a bimodal 
distributions, S. compactum and S.recurvum exhibit maxima at C25/C31 and C23/C31 
homologues, respectively. However, one species (S. rubellum) has a single higher 
molecular weight n-alkane (C31) although Bingham et al. and Corrigan et al. recorded 
a maximum at the C25 homologue possibly suggesting that climatic variation between 
different sites may also contribute to variations in n-alkane distributions (Bingham et 
al., 2010). In contrast, non-Sphagnum or vascular plant lipids are dominated by longer 
chain n-alkanes (C29, C31 and C33). Nott et al. (2000) and Pancost et al. (2002) reported 
a relatively high abundance of C31 and C33 n-alkanes in extracts from the leaves and 
stems of Calluna vulgaris as well as in the fine roots of Erica tetralix. Another study 
depicts a similar finding where sedges (above ground) and forbes were found to 
comprise of relatively high abundances of C27 to C31 n-alkanes (Ronkainen et al., 
2013). 
 
Apart from n-alkane distributions, several n-alkane ratios have been used to evaluate 
vegetation input into peat. The n-C23/n-C31 ratio has been used to differentiate between 
Sphagnum and non-Sphagnum (or vascular plant) inputs. Where higher values (>1) 
were associated with Sphagnum dominated inputs whereas lower values (<1) indicated 
a non-Sphagnum predominance (Nott et al., 2000). Nott et al. (2000) in a study of 
Bolton Fell Moss peat compared this ratio with Sphagnum macrofossil records from 
0-40 cm of a peat profile, exposing vegetation changes through time. In this study, 
higher n-C23/n-C31 values were observed from 13 to 31 cm indicating Sphagnum as the 
dominant vegetation correlating with the macrofossil record. Subsequently, another n-
alkane ratio, n-C23/n-C29 was proposed to overcome the limitation of the previous n-
C23/n-C31 ratio as n-C31 was also observed to be abundant in many Sphagnum species. 
The use of the n-C29 alkane  gave better results since it is rarely found in Sphagnum 
species (Nichols et al., 2006).  Other ratios have also been used to investigate intra-
species variation (n-C23/n-C25) (Bingham et al., 2010) as well as to indicate relative 
contributions from different types of plant tissue (e.g. leaves, stems, roots) (n-C31/n-
C33) (Pancost et al., 2002). Another class of biomarker used to indicate the presence 
of Sphagnum in bog environments is the methyl ketone: n-alkan-2-one. Initially, this 
class of compound was reported to only be present in Sphagnum species and seagrass 




other plant species including heather, moss, fern, sedge, grass etc (Ortiz et al., 2011). 
The distribution of methyl ketones in plants shows an odd over even predominance 
with homologues ranging from n-C23 to n-C31 maximizing at the C27 homologue 
(heptacosan-2-one). However, the concentrations of n-alkan-2-ones were observed to 
be generally low in most plant species analysed hence their detection might also have 
been confounded by the sensitivity of instrument and/or the method of extraction as 
suggested by Ortiz et al. (2016) when comparing their findings with previous studies. 
 
Other lipids recorded in Sphagnum including sterols (e.g. 24-ethylcholest-5-en-3β-ol), 
triterpenoids (e.g. ursolic acid), fatty acids (e.g. n-C24:0), n-alkanols (e.g. n-C26:0) and 
wax esters (e.g. C16:0 fatty acids esterified with C26:0 fatty alcohols) exhibit smaller 
variations among all Sphagnum species (Baas et al., 2000). Ronkainen et al. (2013) 
investigated the utility of n-alkanes (C23 and C25) and their ratios (C23/C25 and C23/C29) 
successfully to study fen peatland. Due to a wider range of overlying vegetation in the 
fen environment, as well as the contribution of different lipid distributions from above- 
and below-ground parts of plants, it was concluded that biomarker ratios must be used 
with caution as they are open to misinterpretation due to overlapping of lipid 
distributions between the below-ground part of a vascular plant and Sphagnum. The 
results indicated a higher abundance of sterols in vascular plants and therefore sterols 
were used in combination with n-alkanes to obtain a better differentiation between 
Sphagnum and non-Sphagnum inputs (Ronkainen et al., 2013). 
 
Despite the pre-existing large body of work using lipids as molecular fossils and, 
specifically, n-alkane distributions to link peat samples with dominant vegetative 
inputs (Sphagnum vs non-Sphagnum) and investigate their hydrological cycle for use 
in palaeoclimate reconstructions, none of the lipids used as proxies are specific to the 
vegetative inputs being assessed. Most studies carried out in ombrotrophic peatlands 
have utilized n-alkane distributions as a proxy to indicate Sphagnum or non-Sphagnum 
as the dominant vegetation. In minerotrophic peat, where diverse vascular plant 
species are dominant, lipid distributions are more complex as multiple species of 
vegetation contribute to the lipid pool resulting in a diverse admixture of lipids that is 
more difficult to characterise. Zocatelli et al. (2014) reported different lipids 





Table 6.2: Lipids recorded in soil/peat surface and their residing vegetation species from La Guette peatland (from Zocatelli et al., 2014) 
Lipid 
groups Compounds peat S. rubellum E . teralix C. vulgaris M. caerulea B. pendula  B. pendula P. sylvestris P. sylvestris 
             bark leaves bark needles 
n-alkyl lipids           
 n-alkanes √ √ √ √ √ √ √ √ √ 
 n-alkanols √ √ √ √ √ √ √ √ √ 
 n-alkanoic acids √ √ √ √ √ √ √ √ √ 
cyclic lipids           
 cholesterol √ √ √ √ √ √ √ √ √ 
 campesterol √ √ √ √ √ √ √ √ √ 
 stigmasterol √ √ √ √ √ √ √ √ √ 
 sitosterol √ √ √ √ √ √ √ √ √ 
 sitostanol √ √ √ √ √ √ √ √ √ 
tricyclic 
diterpenes           
 pimara-7,15-dien-3-one √ − − − − − − √ √ 
 abieta-8,11,13-trien-18-al √ − − − − − − √ √ 
 methyl isopimarate √ − − − − − − √ √ 
 dehydrobietic acid, ME √ − − − − − − √ √ 
 methyl abietate √ − − − − − − √ √ 
           
           
 




Table 6.2 continued 
Lipid 
groups Compounds peat S. rubellum E. teralix C. vulgaris M. caerulea B. pendula  B. pendula  P. sylvestris  P. sylvestris 
             bark leaves bark needles 
Methoxy-
serratenes  √ − − − − − − √ − 
Pentacyclic 




acetates β-amyrenyl acetate √ tr − √ − − − − − 
 multiflorenyl acetate √ − − √ − − − − − 
 glutinyl acetate √ tr − √ − − − − − 
 α-amyrenyl acetate √ − √ √ − − − − − 
 isobauerenyl acetate √ − − √ − − − − − 
 taraxasteryl acetate √ − − − − − − − − 




taraxerone √ − − √ − − − − − 
ketones β-amyrenone √ √ √ √ √ − − − − 
 isobauerenone √ tr √ − − − − − − 
 multiflorenone √ − − √ − − − − − 
 α-amyrenone √ √ √ √ √ − − − − 
 
hop-22(29)-en-3-one √ − √ − − − − − − 
 





Table 6.2 continued 
Lipid 
groups Compounds peat S. rubellum E. teralix C. vulgaris M. caerulea B. pendula  B.pendula  P.sylvestris  P. sylvestris 
             bark leaves bark needles 
 glutinone √ − − √ − − − − − 
 fernenone √ − − − √ − − − − 
 friedelin √ tr − √ − − − − − 
 lupenone √ − √ − √ − − − − 
 
Pentacyclic 
triterpenols taraxerol √ − − √ − − − − − 
 β-amyrin √ √ √ √ √ − − − − 
 germanicol √ − − √ − − − − − 
 glutinol √ − − √ − − − − − 
 α-amyrin √ √ √ √ √ − − − − 
 lupeol √ √ √ √ √ √ √ − − 
 simiarenol √ − − − − − − − − 
 friedelanol √ − − √ − − − − − 
Pentacyclic 
triterpene oleanolic acid √ √ √ √ √ − − − − 
acids ursolic acid √ √ √ √ √ − − − − 
 
Betulin 
derivatives betulinic acid √ − − − − √ √ − − 
 





6.3 Lipidomics as potential tool to characterise peat vegetation for 
palaeoclimate reconstruction 
 
Lipidomics is a holistic approach to studying a lipid distribution in a peat sample 
where a variety of lipid groups/compounds indicative of specific plant species that 
contribute to the development of a peat can be determined. This technique utilises the 
whole lipidome of a soil/peat in a non-targeted manner followed by rigorous data 
processing and chemometric analyses to determine the discriminant lipids. The aim of 
this work was to differentiate between Sphagnum and sedge inputs to a peat sample 
using this approach and identify the primary compounds responsible for the given 
classification. Moreover, mixtures of peats were prepared to investigate to what extent 
a lipidomics led approach can discriminate between mixtures of complex lipid 
distributions. These mixtures were used to evaluate the efficiency of a prediction 
model built for the determination of a peat’s origin. The overall aim was to develop 
an alternative, more secure and robust, method to differentiate between Sphagnum 
and sedge dominated peat records that would have potential value for palaeoclimate 
reconstructions. 
 
6.4 Sample preparation 
 
6.4.1 Lipid extraction from peat sample: Sphagnum vs sedge  
 
Commercial Komodo substrate Sphagnum moss was purchased from Step into Pets 
World (Wolverhampton, West Midlands) and PL Somerset sedge was purchased from 
Online Reptile Shop (http://www.onlinereptileshop.co.uk) for the purpose of this 
study. The peat samples were air-dried before being crushed using a mortar and pestle 
and transferred into a clean glass jar. Nine replicates of each peat were prepared and 









6.4.2 Artificial mixing of Sphagnum and sedge 
 
The artificial peat mixtures were prepared in the laboratory using different ratios of 
Sphagnum to sedge (5:95, 25:75, 50:50, 70:30 and 90:10). Four replicates were 
prepared for each of the peat ratios and extracted as detailed in Section 2.3.2.2. 
 
6.5 Data processing, data treatment and data filtering 
 
All lipid extracts were analysed using an Agilent GC-QTOF/MS and the raw data 
were acquired using Mass Hunter Qualitative Analysis as in the ‘.D’ file format. The 
analyses were then exported into pre-processing software (Profinder B.08; Agilent 
Technologies) for chromatogram deconvolution, alignment and feature extraction as 
detailed in Table 6.3. ‘Batch recursive feature extraction for small molecules’ was 
selected and the parameter value used for deconvolution algorithm settings are as 
listed in Table 6.3 below. 
 
Table 6.3:  Pre-processing parameters used for chromatogram deconvolution using 
Mass Hunter Profinder software. 
Parameter Value 
peak filters 5000 
ion count threshold 10 
retention time tolerance 0.3 min 
MFE filters 10 000 
MFE score 50 
EIC tolerance  ± 35.0 ppm 






For the individual sedge and Sphagnum data set, a minimum filter match of three was 
applied for the extraction parameter to increase the stringency of filtering which 
allows only compounds that are present in at least three samples, in either sample 
group (sedge or Sphagnum), to be extracted. This was done to obtain a list of 
consistent compounds representative of each group (Sphagnum and sedge) as this set 
of data will be used as a training data set in obtaining the sample prediction model that 
will be explained in more detail in Section 6.7. Several training sets were prepared 
from the Sphagnum and sedge data set, and further evaluated in the model validation 
step. 
 
Subsequent to the pre-processing step, all compounds extracted in Profinder were 
exported into Mass Profiler Professional, version B.14.5 software (Agilent 
Technologies). ‘Log2 transformation’, ‘normalization to internal standard’ and 
‘baseline to mean of all samples’ transformations were performed on the data prior to 
data filtering. Subsequently, the number of compounds was reduced further using a 
frequency filter (a compound is required to be present in 80 % of samples in at least 
one group of samples), coefficient variation filter (CV; CV < 25 % in at least one 
group of samples) and fold change analysis with fold change value cut-off = 15 (FC 
> 15.0). Similar filtering values were applied for both sedge vs Sphagnum and peat 
mixture data sets. 
 
6.6 Chemometric Analyses 
 
Following data treatment and filtering, statistical analyses were performed on the 
Sphagnum and sedge data sets using an un-paired t-test with P value = 0.01 and 
Benjamin Hochberg FDR was applied as a multiple testing correction technique. 
Additionally, the Kruskal-Wallis test was applied to the mixture data set to obtain the 
final discriminating compounds. Two unsupervised multivariate analyses, namely 
PCA and HCA, were then applied to the data set to observe patterns and the clustering 
of sample groups. The HCA was performed using the Euclidean distance metric and 
Ward’s linkage rules algorithm. Both analyses were performed using the list of 
compounds selected by the un-paired t-test. For the peat mixture data set, a Kruskal 




compounds. The list of compounds obtained was then used to perform PCA and HCA 
to visualize the clustering patterns between different mixtures. 
 
6.7 Prediction model 
 
A Partial Least Squares-Discriminant Analysis (PLS-D) was selected to build a model 
for sample prediction. For cross validation purposes in the Sphagnum and sedge data 
sets, four training models were built using seven randomized samples of each peat 
type giving a total of 14 samples. For each training set, the remaining two samples of 
each of the Sphagnum and sedge sets were used to evaluate the prediction model 
accuracy. These samples were then ‘fed’ into the built model for prediction. Another 
model was built using the peat mixture data set to assess more complex sample input 





The TOC contents of both Sphagnum and sedge samples exhibit high levels of organic 
carbon with means of 43.34 % ± 0.12 and 36.58 % ± 0.28, respectively (n=10). Partial 
ion chromatograms obtained by GC/MS analyses depict obvious differences in lipid 
distributions as can be seen in Figure 6.2 (a) and (b). The lipid distribution of sedge is 
wider than that of Sphagnum with sedge comprising relatively higher amounts of high 
molecular weight compounds and wider distributions of, in particular, n-alkanes 
compared to Sphagnum. In contrast, lower molecular weight (LMW) compounds are 
more abundant in Sphagnum. The predominant compounds in each vegetation type 








Figure 6.2: Partial gas chromatograms of the TLEs of Sphagnum and sedge peat extracts. ● n-alkanoic acids ■ n-alkanols 




6.8.1 Differentiating between peat vegetation sources using specific plant 
lipids and a lipidomics-based approach 
 
Previous work has reported the use of plant lipids, namely n-alkanes and n-alkanols, 
for soil discrimination (Mayes et al., 2009; Carvalho et al., 2013, 2014). In this study, 
for the purposes of comparison, a similar approach was employed as well as the newly 
developed lipidomics-based approach. The n-alkanol profiles were obtained from the 
EIC of each sample and the compound area was used to perform Analysis of Similarity 
(ANOSIM) and Similarity percentage (SIMPER) analysis. The distribution of all 
samples studied was visualized with an NMDS ordination plot as shown in Figure 6.3. 
n-alkane homologues were practically undetectable in Sphagnum and therefore n-
alkanes were not used in this experiment. However, the NMDS ordination plot of the 
n-alkanol profile, exhibits distinct separation between Sphagnum and sedge samples 
with an R value of 0.892 indicating greater dissimilarity between peats rather than 
within a peat type. Moreover, the P value obtained in ANOSIM shows a significant 
difference between Sphagnum and sedge (P < 0.002). SIMPER analysis reveals that 
n-docosanol (C22), n-tetracosanol (C24) and n-hexacosanol (C26) were the main 






Figure 6.3:  NMDS ordination plots of soil n-alkanols profiles of Sphagnum and 
sedge peat (n=9). 
 
This study proposes a more comprehensive approach which utilizes the whole (GC amenable) 
lipidome of the peat sample for the purpose of sample discrimination. This method works 
together with chemometric analyses to visualize distribution patterns within and between 
sample groups studied (e.g. PCA and HCA). As a matter of good practice in many –'omics 
works, experimental and instrumental variability are measured using prepared QC samples 
and the output is visualized with principal component analysis (PCA) as can be seen in  
 
Figure 6.4. The figure shows minimal variation within the pooled QC indicating good 
reproducibility and stability throughout the analyses. Moreover, the QC samples are 
expected to be clustered between sedge and Sphagnum samples as they consist of a 
combination of the two peats. The total variance explained by the first two PCs 







Figure 6.4:  A 2D PCA of sedge, Sphagnum and the pooled QC constructed using 
filtered compounds obtained in MPP. 
 
Subsequently, the QC samples were removed from the data set to allow the clustering 
pattern only between the two peats studied to be observed. The data were submitted 
to the same pre-processing and filtering as with the QC. A total of 296 compounds 
were reported after pre-processing and were aligned in Mass Hunter Profinder. All 
compounds, with their respective mass spectral information and abundances, were 
exported into MPP as .CEF files. For each sample, the abundance of every compound 
extracted was log2 transformed, normalized to an internal standard and centred to aid 
in visualization and distribution of the data. Prior to any statistical testing, data 
filtering was conducted using ‘filter by frequency’ (entities present in 80 % of samples 
in at least one group), coefficient variation (CV) < 25 % and fold change ≥ 15. Finally, 
the compounds responsible for sample discrimination were selected using an un-
paired t-test. Eighty-seven compounds were found to be significantly different with P 
value = 0.001. These final compounds were then used to visualise the clustering 
pattern of the data set by constructing a PCA as shown in Figure 6.5. The PCA depicts 
distinct separation between sedge and Sphagnum samples along the PC1 with a total 
explained variance of 94.94 %. Additionally, variation within Sphagnum samples is 
greater than within sedge as the individual samples are spread to a greater degree along 





Figure 6.5: A 2D PCA constructed using final discriminant compounds selected by 
an unpaired t-test using P value of 0.001 in MPP. 
 
Hierarchical clustering analysis was performed with eighty-seven compounds selected 
by the un-paired t-test and the dendrogram obtained is shown in Figure 6.6. Similar 
observations are also seen in the clustering analysis as were observed in the PCA, 
whereby sedge and Sphagnum are clearly separated in the dendrogram. The 
dissimilarity distance was measured using log scale value at the vertical lines across 
the dendrogram where the sedge and Sphagnum branch emerged (refer Figure 6.6). 
The dissimilarity distance between the two samples is 522.66 and it is far greater than 
the dissimilarity within sedge and/or Sphagnum with 37.08 and 47.29, respectively.  
 
The heatmap represents eighty-seven compounds responsible for the separation 
between the two sample types with different colours indicating the relative response 
of individual compounds in each sample. The values of the compounds were 
expressed as their normalized intensities ranging from 19 to -19. The red and blue 
colours demonstrate an up- and down-regulation, respectively, in which up-regulation 
expresses an elevated value of the compound abundance whereas the down-regulation 
express the relative lower amount of the compound in a sample. The heatmap (Figure 
6.6) demonstrates that almost three quarter of the discriminant compounds in sedge 
samples possess higher abundant or up-regulated (red) compared to in Sphagnum. In 
contrast, more discriminant compounds present in relatively lower amount or down-
regulated (blue) in Sphagnum samples (three quarter) and only a quarter of the 






Figure 6.6:  Dendrogram showing differences between sedge and Sphagnum using 
normalized intensities of selected compounds. The dendrogram was 
constructed using Euclidean distance metric and Ward’s linkage 
algorithm. The distances reported are based on the log scale value. 
 
 
Subsequent to differential analysis, compound identification was performed for both 
final entities using the ‘IDBrowser Identification’ tool in MPP based on spectral 
matching score between the mass spectra of a studied compound and the mass spectra 
available in the NIST and G1676AA Fiehn GC/MS Metabolomics libraries (Agilent 
Technologies). For the sedge and Sphagnum data set, only eleven out of eighty-seven 
entities were identified with 70 % similarity index or greater. Manual checking was 
also conducted following library searches to verify the results, particularly, for 
unidentified compounds. Several entities were identified manually based on literature 
references to give a total of twenty-four identified compounds (Avsejs et al., 2002; 
Christie, W.W., 2018). Identified compounds included; n-alkanols, hentriacontane, ω-
hydroxycarboxylic acid, n-alkanoic acids and 5-n-alkylresorcinol (AR), triterpenoids 
and diterpenes although the last two groups of lipids were only able to be identified to 
their compound class based on their fragmentation patterns. The list of identified 
compounds/groups is given in Table 6.4 with the corresponding retention times and 
log fold change values of sedge vs Sphagnum in which the fold change value is 
obtained from the difference intensities of individual compounds between sample 




regulation is determined based on the fold change value in which negative log FC 
indicates down regulated and vice versa. 
  
Table 6.4: A list of differentiative lipids between sedge and Sphagnum at p-value = 
0.001 with their respective retention times and log fold change values. 
Regulation column express (up/down) the relative abundance of 












1 1-nonadecanol, TMS (C19) 23.47 18.89 up 
2 1-octacosanol, TMS (C28) 40.78 18.16 up 
3 1-nonacosanol, TMS (C29) 42.91 19.47 up 
4 ω-hydroxycarboxylic acid, TMS (C27) 35.77 19.13 up 
5 ω-hydroxycarboxylic acid, TMS (C29) 39.71 19.54 up 
6 ω-hydroxycarboxylic acid, TMS (C31) 43.5 19.09 up 
7 ω-hydroxycarboxylic acid, TMS (C32) 45.33 23.79 up 
8 ω-hydroxycarboxylic acid, TMS 29.01 5.41 up 
9 5-n-pentacosylresorcinol, TMS (C25:0) 50.76 17.83 up 
10 Unidentified triterpenoid 48.35 6.84 up 
11 Unidentified triterpenoid 48.37 11.43 up 
12 Unidentified triterpenoid 48.35 8.84 up 
13 Unidentified diterpene 21.52 -18.40 down 
14 ω-hydroxycarboxylic acid, TMS 28.33 18.52 up 
15 Totarol, TMS 24.49 20.83 up 
16 3-trimethylsilyloxystearic acid, TMS 26.43 -18.81 down 
17 Hentriacontane (C31 n-alkanes) 31.97 5.3 up 
18 Methyl vanillate, TMS 15.90 9.90 up 
19 Obtusifoliol, TMS 44.11 -22.34 down 
20 Pyrene 19.91 17.24 up 











37.75 10.12 up 
24 Linoleic acid, TMS 23.41 -20.38 down 
 
As shown in the Table 6.4, most of the identified compounds are up-regulated where 
their intensities are higher in sedge than in Sphagnum. In contrast, only four identified 
compounds are down regulated, these being: diterpene, 3-trimethylsilyloxystearic 
acid, obtusifoliol and linoleic acid. From the table, hentriacontane (C31 n-alkane) and 
obtusifoliol exhibit opposite responses in sedge. Hentriacontane is up-regulated in 
sedge but with a small log fold change value (5.3) indicating a smaller difference of 
the compound between the two samples. Previous studies have reported the higher 
concentration of C31 n-alkanes in non-Sphagnum species compared to Sphagnum 
(Ronkainen et al., 2013). Obtusifoliol, on the other hand, is down-regulated in sedge 
with a log fold change value of -22.34. This compound was reported to occur at high 
concentrations in bryophytes (e.g. mosses) and to be absent or present at a very low 
concentration in vascular plants and was therefore suggested as a useful biomarker for 
detecting Sphagnum inputs (Ronkainen et al., 2013). Previous work has used 
obtusifoliol, together with the n-alkane distributions, to discriminate between 
Sphagnum inputs and the lipid signal from below ground vascular plants in peat 
samples (Ronkainen et al., 2013). In this study, the higher negative log fold change 
value obtained indicates the large differences in the abundance of obtusifoliol between 
the two peat types.  
 
Another compound selected for discriminating between sedge and Sphagnum is 
pentacosyl resorcinol which has been reported as a biomarker for sedge input into peat 
(Avsejs et al., 2002). The large log fold change value (17.83) indicates that the 
abundance of this compound is higher in sedge than in Sphagnum. Linoleic acid, on 
the other hand, shows negative log fold change value which demonstrates the higher 
abundance of this compound in Sphagnum. This polyunsaturated fatty acid is reported 
as among more prominent constituents in many bryophytes. It is noted that odd 
number carbon n-alkanols and ω-hydroxycarboxylic acids are among the selected 
compounds. This is different from common findings that always report the difference 




n-alkanols and ω-hydroxycarboxylic acids as major constituents of plants. This study 
also shows that a lipidomics-based approach is able to pick up differences for less 
abundant compounds which are not obvious from visual inspection of the gas 
chromatogram. 
 
6.8.2 Artificial mixing between Sphagnum and sedge: A potential approach 
for multi-source inputs to peat. 
 
The two peats were artificially mixed in different proportions to evaluate the 
robustness of this technique for characterising more complex samples in real 
situations. Although this still does not represent a multi-sourced inputs it stills shows 
the capability of this technique in disentangling more challenging mixtures as 
commonly observed in minerothrophic peatlands. The results show that such mixtures 
are still able to be separated using a lipidomics-based approach, despite only small 
variations in lipid distributions. Using similar parameter values in the pre-processing 
step as for the Sphagnum vs sedge data set, the peat mixing data yielded 438 
compounds, which were then are filtered using filter by frequency (80 %), filter by 
sample variability (CV  25 %) and fold change (>15). Subsequently, a Kruskal Wallis 
test was carried out to determine the discriminant compounds for the separation 
between the mixtures where 48 compounds were selected.  
 
Figure 6.7 shows the PCA score plot obtained from all of the peat mixtures including 
the QC samples. The first two PCs account for 67.24 % of the total variance and the 
largest separation is achieved between each group along PC1. Furthermore, QC 
samples are clustered closely to the peat mixture with an equal proportion of 
sedge:Sphagnum (50:50) indicating the lipid signal in the QC samples are contributed 
to almost equally by the two peat types. When the QC samples are removed from the 
data set, a similar clustering pattern is still observed between each mixture as shown 
in Figure 6.8. It is interesting to note that although distinct separation between each 
mixture occurs along PC1, a slight separation is also observed between mix A (5:95 
Sphagnum:sedge) and mix E (90:10 Sphagnum:sedge) with mix B (25:75 
Sphagnum:sedge), mix C (50:50 Sphagnum:sedge)  and mix D (70:30 






Figure 6.7:  A 2D PCA showing the clustering of different peat mixtures as well as 
the pooled QC. The proportions of Sphagnum:sedge are A=5:95 




Figure 6.8: A 2D PCA of different peat mixture (Sphagnum:sedge); A=5:95 
B=25:75 C=50:50 D=70:30 E=90:10. 
 
 
Similar sample clustering was observed using HCA where the dendrogram obtained 
using normalized intensities of the compounds exhibits distinct groups for each 
different peat mixture as shown in Figure 6.9. From the figure, mixture D and E are 
very dissimilar to mixture A, B and C with a greatest dissimilarity distance of 239.0. 
Mixture A is clustered apart from mixture B and C with distance value of 113.19 




121.66. The heatmap shows all 48 compounds responsible for the clustering with 
respect to their response calculated as the fold change in each of the samples. It is 
noted that out of all mixtures, mixture D and E contain larger numbers of compounds 
which show a response as either up- (marked as Y) or down- (marked as X) regulated 
thereby causing the segregation of these two mixtures from the rest of the mixtures. 
Similarly, mixture A is different from other samples with the down-regulated 
compounds shown in Z and several other compounds with opposite responses to the 
mixture B and C groups.  
 
 
Figure 6.9: A dendrogram produced from lipids from 5 different peat mixtures of 
varying proportion using Euclidean distance and Ward’s linkage rule. 
 
In the peat mixture data set, compounds identified  include n-heptacosanol, n-
octadecanol, diols, n-hydroxycarboxylic acids, linoleic acid and 5-n-
nonadecylresorcinol. The log fold change for each compound was calculated as a pair 
of mixtures. In this data set, several 5-n-alkylresorcinols were selected as significant 
compounds for discriminating between sedge and Sphagnum and between the peat 
mixtures. This agrees with Avsejs et al. (2002) who reported that 5-n-alkylresorcinols 
are specific biomarkers found in various sedge species. In this study, of the 5-n-
alkylresorcinols only two, C19 and C25, were reported in the final compound list. 5-n-
pentylresorcinol (C25) was identified as a discriminant compound between sedge and 
Sphagnum whereas 5-n-nonadecylresorcinol (C19) was also included in the 
discriminant list for the peat mixture set. In sedge vs Sphagnum data set, 5-n-




Sphagnum with log fold change value of 17.83. For the peat mixture data sets, 
however, the abundance of these compounds was compared between different pairs 
of peat mixtures using their respective fold change values. All pairs of mixtures 
exhibit up-regulated with greater log fold change values of the two ARs between the 
highest vs lowest composition of sedge (e.g. mix A vs mix E) as detailed in Table 6.5. 
The highest log fold change values of 16.32 and 17.35 for the C19 and C25 ARs, 
respectively, are observed between mixture A and mixture E indicating a larger 
difference in ARs intensities between them compared to other pairs of mixtures 
contributed from the higher sedge composition in mixture A, i.e. sedge in mixture A 
(95 %) in comparison to mixture E (10 %). Conversely, A vs B and D vs E mixtures 
show smaller fold change values as the difference of the two ARs in the mixtures are 
relatively lower. For example, mixture D and E contains 30 % and 10 % of sedge, 
respectively, hence the log fold change values for the C19 and C25 ARs are expected 
to be lower (2.99 and 2.87, respectively). 
 



































(RT=39.93) 1.13 9.82 13.43 16.42 8.69 12.3 15.29 3.61 6.60 2.99 
C25 
(RT=50.7) 2.45 2.57 14.48 17.35 0.12 12.03 14.9 11.91 14.48 2.87 
 
A Venn diagram was constructed for four pair of mixtures using the final compounds 
identified as well as the unidentified and is shown in Table 6.4. The results show that 
decreasing numbers of compounds were observed to be present in both mixtures from 
mix A vs mix B to mix A vs mix E indicating an increasing dissimilarity between the 
two mixtures although many of the compounds remain unidentified. For example, 
between mixture A and mixture B, the majority of the compounds (29) were found in 
both mixtures, whereas only three compounds were found in mixture A and mixture 
B only. From a compound distribution perspective, it indicates that these two mixtures 
are less dissimilar than the other three mixtures with fewer number of compounds 




present in both mixtures A and E, whereas, 22 and 16 compounds were observed in 
mixture A and E, respectively. This indicates that these two mixtures have a larger 
difference between them hence. The number of compounds shared between mix A 
and mix B, mix A and mix C, mix A and mix D and mix A and mix E, are shown in 
Figure 6.10.  
 
 
Figure 6.10: Venn diagrams indicating the number of compounds present between 
two compared mixtures (mixture A and others) in which the 
overlapping section represent the number of compounds that detected 
in both mixtures. [Sphagnum:sedge] mix A = 5:95, mix B=25:75, mix 
C=50:50, mix D=70:30, mix E=90:10. 
 
6.8.3 Building a prediction model and model validation 
 
Sample prediction provides important information about the origin of an unknown 
sample based on a well-built model. In this study, a partial least square-discriminant 
model was chosen and built for the two peat data sets studied using the final 
compounds selected by the statistical test (refer to Section 6.7). The parameters 
applied to obtain this model included pareto scaling, N-fold validation type with three 




6.11 depicts 2D and 3D score plots of the PLS-D model build from nine replicates of 
sedge and Sphagnum data. The figure shows clear separation between the two peat 
samples observed along component 1. Model validation was carried out using four 
different PLS-D models to evaluate the reliability and the effectiveness of the 
prediction (from the four training sets mentioned in Section 6.7). All four models 
show a high accuracy for the model fit (R2) with R ≥ 0.995 but a relatively low value 
for the accuracy of prediction (Q2) which ranges between 0.5 to 0.89 (refer Table 6.6). 
However, the prediction results obtained from each training model give 100 % correct 
assignment (Table 6.6). This was evaluated using four test samples that had been 
excluded in the development of the four individual models. For each sedge and 
Sphagnum, two samples were chosen randomly for every training set to be used as an 






Figure 6.11: 2D (above) and 3D (below) PLS-D score plots based on the final 









Table 6.6: Four sets of prediction results obtained using the PLS-D prediction 
model. Each training sample was set-up based on the random selection of 
seven replicates of each group (sedge and Sphagnum). The sample codes 
in the prediction results section are the remaining two replicates for each 
group that were used for the prediction. [The number used as the identifier 
for the training samples and predicted samples indicating a total of 9 
replicates of each peat types]. 




Sp1, Sp2, Sp3, Sp4, Sp5, Sp6, 
Sp7  
1.000  0.662  
Sp9 Sp8 Sd8 Sd9 
Sd1, Sd2, Sd3, Sd4, Sd5, Sd6, 
Sd7 √ √ √ √ 
2 
  
Sp3, Sp4, Sp5, Sp6, Sp7, Sp9, 
Sp8 
0.995  0.896  
Sp1 Sp2 Sd1 Sd3 
Sd4, Sd5, Sd6, Sd7, Sd8, Sd9, 
Sd2 √ √ √ √ 
3 
  
Sp1, Sp2, Sp3, Sp4, Sp7, Sp9, 
Sp8 
1.000  0.536  
Sp5 Sp6 Sd4 Sd7 
Sd1, Sd2, Sd3, Sd5, Sd6, Sd8, 
Sd9 √ √ √ √ 
4 
  
Sp1, Sp2, Sp5, Sp6, Sp7, Sp9, 
Sp8 
1.000  0.708  
Sp3 Sp4 Sd2 Sd5 
Sd1, Sd3, Sd4, Sd6, Sd7, Sd8, 
Sd9 √ √ √ √ 
 
 
Similarly, a PLS-D model was also built for the peat mixture data set aimed for more 
complex sample predictions as shown in Figure 6.12. The accuracy of model fit (R2) 
and the accuracy of prediction (Q2) obtained for this data are 0.858 and 0.351, 
respectively. The model was first validated using the Leave-One-Out (LOO) cross 
validation technique with the results exhibiting only 65 % accuracy, whereby, thirteen 
out of 20 samples were correctly predicted. Table 6.7 reveals that inaccurate 
predictions were mostly reported for mixtures C and D as lower clustering (higher 
variation) within replicates can be observed from the model (Figure 6.12). However, 
distinct separation between the two mixtures is still visible from the PLS-D model. In 
contrast, Mixtures A, B and E were observed to be clustered more closely within 










Table 6.7 depicts the results obtained in the LOO cross-validation of the peat mixture. 
Overall, the data exhibits low values of Q2 which indicates a low accuracy of the 
prediction. Conversely, the R2 gives a relatively higher value (> 0.77) representing the 
accuracy of the model. Based on the Q2 values solely, the prediction results obtained 















Table 6.7: Leave-one-out cross validation results obtained using PLS-D analysis 
model for peat mixtures data set (R2 indicates accuracy of the model, Q2 








mixA 1 mixA 0.731 0.860 0.207 
mixA 2 mixA 0.746 0.846 0.203 
mixA 3 mixA 0.853 0.836 0.283 
mixA 4 mixA 0.568 0.898 0.434 
mixB 1 mixB 0.572 0.774 0.036 
mixB 2 mixB 0.383 0.818 0.262 
mixB 3 mixB 0.450 0.800 0.259 
mixB 4 mixB 0.431 0.804 0.128 
mixC 1 mixC 0.477 0.800 0.166 
mixC 2 mixC 0.421 0.822 0.150 
mixC 3 mixD 0.367 0.804 0.356 
mixC 4 mixB 0.468 0.849 0.334 
mixD 1 mixC 0.333 0.883 0.322 
mixD 2 mixC 0.493 0.859 0.196 
mixD 3 mixE 0.489 0.933 0.047 
mixD 4 mixE 0.387 0.911 0.293 
mixE 1 mixE 0.397 0.92 0.049 
mixE 2 mixE 0.447 0.918 0.278 
mixE 3 mixD 0.501 0.916 0.143 





This preliminary study explores the potential of a lipidomic approach for 
discriminating between individual peat and peat mixtures. It is shown that different 
peat origins can be discriminated between using a lipidomics-based approach as well 
as using the n-alkanol profiles in combination with a statistical analysis. The high 




achieved between the two peats using n-alkanols. Similarly, the lipidomics-based 
approach shows distinct separation between Sphagnum and sedge in presence or 
without QC samples. Traditional biomarkers used in determining the source of 
vegetation dominating peat such as C23, C25, C31 n-alkanes, 5-alkylresorcinol, C19 
methyl ketone were not quantified individually in this study and therefore their 
performance cannot be compared. However, the output results were evaluated to 
determine if the new proposed lipidomics technique is better than using these 
biomarkers in discriminating between vegetative inputs to peatland. In previous work, 
a considerable number of papers report various geolipid biomarkers, particularly n-
alkanes, for the determination of vegetation into peatland to reveal past climatic 
conditions (e.g. Nott et al., 2000; Avsejs et al., 2002; Pancost et al., 2002; Ortiz et 
al., 2011). In line with individual biomarkers, there are also many different biomarker 
ratios (e.g. n-alkanes carbon preference index (CPI), average chain length, n-alkanes 
ratios C23/C31, C23/C25 and many others) proposed to improve results in discriminating 
between bog and fen peat type based on their dominant vegetation (e.g. Ortiz et al., 
2010; Ronkainen et al., 2014).  
 
Previous studies have also addressed the limitation in determining the dominant 
species in peat samples based on n-alkane distributions alone although it is proven 
that specific n-alkanes (C23, C25 and C31) and their ratios are quite useful biomarkers 
for Sphagnum vs non-Sphagnum identification, particularly in an ombrotrophic 
environment. For that reason, n-alkane distributions and their ratios have been 
continuously applied in combination with other lipid groups e.g. sterols, for the 
determination between Sphagnum and non-Sphagnum (Pancost et al., 2002; Xie et al., 
2004; Ronkainen et al., 2013; Zocatelli et al., 2014). 
 
In this study, plant wax biomarker analysis, typically used for soil discrimination was 
only conducted using n-alkanols because the n-alkanes were undetectable in many of 
the Sphagnum samples and thus excluded from statistical analyses to avoid bias when 
making comparisons to sedge. The results observed from the NMDS plot show a 
distinct separation between Sphagnum and sedge, but this lipid group is not source 
specific and the distribution of this compound class is almost similar in higher plants 




to arise when unknown samples are analysed where the source of vegetation input is 
indistinguishable. Furthermore, we might expect indistinct separation as more 
vegetative inputs are studied simultaneously. It was also noticed that there are no 
reports on the use of n-alkanols as lipid biomarkers for determining the vegetative 
input into peat in palaeoclimate reconstruction studies. In contrast, n-alkanes are 
proposed as amongst the best proxies used in peat studies where a high concentration 
of LMW compounds were observed to be a dominant contribution from bryophytes 
whereas HMW compounds were recorded in relatively higher concentrations in 
higher plants thus making them a reliable indicator to discriminate between 
Sphagnum and non-Sphagnum inputs (Xie et al., 2004; Nichols et al., 2006; Ortiz et 
al., 2011).  
 
Until now, most of the studies on boreal peatlands focusing on determining between 
ombrotrophic and minerotrophic peat as the dominant vegetation forming these two 
types of peatland depend upon the hydrological condition of the region.. In this study, 
the two types of vegetation were studied not only as binary inputs but also as mixtures. 
Using a lipidomics-based approach, the output results indicate separation between 
each mixture in order of their mixing ratio (Figure 6.8). Lipid biomarkers, although 
widely used for palaeohydrological reconstruction, work best if use as a 
complementary technique alongside either macrofossil records, humification indices, 
testate-amoebae inferred water table depths or pollen analysis (Pancost et al., 2002; 
Nichols et al., 2006; Ronkainen et al., 2014). This is mainly due to many lipids , being 
common between bryophytes species, between bryophytes and vascular plants as well 
as between vascular plants (Ronkainen et al., 2013). This has led to a difficulty in 
identifying specific inputs especially in minerothrophic peatlands or fens. The high 
humification rate of plant species residing in a fen environment also makes the 
identification process even more complex. 
 
Ronkainen et al. (2013) reports the advantage of using combined lipid markers to 
overcome this problem where n-alkanes, n-alkanes ratios, sterols and triterpenoid 
distributions were used to perform a principal component analysis (PCA). The results 
showed that the peat core collected from an East European Russian tundra exhibited, 




different dominant vegetative input at each time (Ronkainen et al., 2015). It is also 
reported that some of the established biomarkers and molecular ratios (e.g. n-C23/n-
C25, n-C23/n-C29) that were found to be successful in discriminating inputs in 
ombrotrophic environments were less applicable in highly humified peatlands (e.g. 
fen or permafrost) (Ronkainen et al., 2013). Lipidomics-based approaches provide an 
alternative means to characterise similar samples based on sample clustering and 
hence provide an alternative means of determining the dominant species of vegetation 
contributing to a particular peat layer. In this study, several lipid classes were selected 
in the final list of discriminant compounds prior to multivariate analyses. These 
compounds included n-alkanes, n-alkanols, ω-hydroxycarboxylic acids, n-carboxylic 
acids, diterpenes, triterpenes and 5-n-alkylresorcinols. The subsequent statistical 
analyses extracted a diverse range of lipids that contributed significantly to the 
discrimination between samples. Conversely, using more conventional approaches, 
one has to determine a list of biomarkers manually or may even result in using a 
specific marker that provides inconclusive results (Nott et al., 2000; Xie et al., 2004; 
Zhang et al., 2014).  
 
In palaeoclimate studies, macrofossil analysis involving identification of plant species 
in peat core layers can be very useful in supporting biomarker results but it is not 
always possible to conduct. The targeted approach that was conducted, for 
comparative purposes, using specific plant lipids (n-alkanols), depicts separation 
between the two peats, however, its applicability to more complex mixtures remains 
untested. Although important contributors are revealed using similarity percentage 
(SIMPER) analysis, sole use of n-alkanols means that information on vegetation 
records will be hindered because they are not source specific. In the case of fen peat 
in which macrofossils are usually unidentifiable and vegetation cover is diverse, 
lipidomics offers the perfect tool for differentiating between peat/layers by utilizing 
their unbiased lipidome profiles. In addition, for real samples where mixtures are more 
complex, this technique has the potential to offer better results as different types of 
plant species may possess other specific biomarker compounds (Zocatelli et al., 2014) 
that can be detected simultaneously with the aid of statistical analyses. Using this 
technique, compounds that are low in abundance are also capable of being identified 




the Partial Least Square-Discriminant Analysis models built using the discriminant 
compounds determined from both data sets. The prediction results for the two models, 
Sphagnum vs sedge and the peat mixtures, both exhibit good results with 100 % and 
65 % prediction accuracy respectively (refer Section 6.8.3, Table 6.6 and 6.7). The 
lower percentage of the prediction result for the peat mixtures model is most likely 
due to the increased complexity of the samples which might be tackled by increasing 
the number of replicate samples for each mixture used in the training set (n > 5). 
Greater numbers of samples (n > 50) are often used in lipidomics research involving 
biological samples to compensate for the greater variation between samples (e.g. Hadi 
et al., 2017; Musharraf et al., 2016). 
 
Using the lipidomics-based approach, traditional biomarkers for sedge inputs are 
among the 87 and 48 discriminant compounds selected for both data sets. As reported 
previously, the presence of ARs in peatland is associated with a contribution from 
sedge and therefore in the artificial peat mixtures prepared in this study, it is not 
surprising that the abundance of ARs was found to be higher in mixtures that comprise 
of higher proportion of sedge (e.g. A vs E > A vs D > A vs C > A vs B) as depicted by 
the higher log fold change values of this compound in sedge (Table 6.5).  
 
In this study, a relatively small number of samples was used to represent each peat 
group and their different mixtures (n < 10). However, it is difficult to include larger 
numbers of replicates since the whole analytical process was relatively lengthy 
including the instrumental analysis making larger batch sizes unviable within the time-
constraints of this work. Furthermore, the number of site/groups studied should also 
be taken into consideration because in organic geochemistry or forensic studies, 
multiple sites are usually under investigation unlike biological samples where 
typically only two or three conditions are compared, e.g. healthy vs unhealthy. 
Previous work concerned with soil discrimination for forensic applications have not 
involved large numbers of samples (n<10) regardless of the approach adopted 
(Dawson et al., 2004; Cheshire et al., 2017; Mcculloch et al., 2017). 
 
Despite the limitations mentioned above, the key challenge of this work is still to 
obtain high accuracy models that require large numbers of different peat types and 




of each sample hence increasing prediction accuracy. This will take a long time unless 
quicker and more rapid extraction methods, as well as instrumental analysis, can be 
established. Furthermore, a wider range of real peat samples should be included to test 
the accuracy of prediction of the built model prior to its ‘live’ application. In this 
study, the final compounds selected from the sedge and Sphagnum data set reveals 
other discriminatory biomarkers including obtusifoliol, linoleic acid, C32 ω-
hydroxycarboxylic acid. These compounds can be potential biomarkers for 
determining sedge and/or Sphagnum input into peat, thus, demonstrating the 





This chapter demonstrates another potential application of lipidomics-based 
approaches in organic geochemistry for revealing palaeovegetative information and 
thereby reconstruction of a hydrological cycle to yield information about climate 
variation in the past (wet or dry season). In this study, n-alkanol profiles were capable 
of discriminating between sedge and Sphagnum inputs although it is an uncommonly 
used biomarker since their distribution is almost similar in bryophytes and/or higher 
plants. A non-biased lipidome, together with chemometric analyses, enables 
discriminating lipids to be selected from a diverse group in which several lipids were 
among those currently used as biomarkers (e.g. 5-n-alkylresorcinols, obtusifoliol etc.) 
for peat-forming vegetation determination. The capability of this approach to 
differentiate between peat mixtures demonstrates its capacity to discriminate more 
complex forensic samples that might also undergo mixing as a suspect moves from a 
crime scene to another location. However, this approach is still in its infancy and 
therefore further work to increase the number of replicates as well as to include various 
peat types and their mixtures is needed to evaluate and improve the performance and 
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7.    Overview and recommendation for future work 
 
7.1 General overview 
 
The analysis of soils of interest to forensic investigations, by means of characterising 
organic components of the soil (e.g. lipids) is of increasing interest as it provides 
information at a more local scale compared to inorganic components which provide 
differentiation at a more regional scale (e.g. Mayes et al., 2009; Pye and Blott, 2009; 
McCulloch et al., 2017). The advantage of focusing on organic compounds is that they 
are sensitive to changes happening at the soil surface which is exposed to 
anthropogenic activity. Previous studies have reported on the use of organic 
compounds for soil discrimination including volatile organic compounds (VOCs) (e.g. 
Bastos and Magan, 2007) and plant wax markers with the latter becoming the more 
popular method of choice after this method was introduced by Mayes et al. (2009), 
although other studies have used a combination of plant wax markers and either 
physical or biological analyses (Carvalho et al., 2013, 2014). Mayes et al. (2009) 
focused on the use of GC/MS as the principal means of characterisation although other 
analytical approaches using different techniques have also been explored (e.g. FT-IR, 
HPLC etc.) (Baron et al., 2011; McCulloch et al., 2017). As far as can be ascertained, 
none of the techniques proposed demonstrate the ability to use the information 
obtained to achieve distinct clustering which is applicable to many different types of 
soils. The primary aim of this study was to establish a robust method that could 
discriminate between different soils and be applicable to a diverse range of studies 
(e.g. agricultural, forensic, environmental, etc.). Lipidomics represents a relatively 
new and more holistic approach to soil characterisation and differentiation. This work 
tests and validates its application in several increasingly challenging and more refined 
environments. 
 
7.1.1 Method validation 
 
Prior to the evaluation of the lipidomics-based method across various sets of soils, a 




extraction as well as saponification (before and after the extraction step). The aim of 
the method validation was to obtain a robust protocol which met the criteria suitable 
for forensic analyses. These criteria included small sample masses, fast and quick 
extraction and the production of a diverse lipid distribution. In addition, saponification 
served to bring organic moieties bound in high molecular weight structures within the 
narrow analytical window typical of GC-FID and GC/MS. The results obtained in 
Chapter 3 show that microwave extraction produces a slightly higher quantitative yield 
compared to ultrasonic extraction although similar lipid distributions are achieved 
using both techniques. It has been reported that higher temperatures can enhance the 
extraction efficiency of lipids from soil (Kornilova and Rosell-Mele, 2003). However, 
the higher temperature applied during microwave extraction also results in the loss of 
analytes which, being somewhat uncontrollable can lead to non-reproducible results, 
this leads to problems during subsequent data processing. Other criteria, such as 
solvent volume and analysis time were essentially similar with the ultrasonic 
extraction method. One thing to consider in selecting the best method is the overall 
analytical workflow, where microwave extraction involves a lot more transferring of 
sample to obtain the final lipid extract. However, analytically, it is desirable to 
minimize sample transfer to avoid the loss of analytes and a larger volume of sample 
extract due to more rinsing of the sample receptacles. For this reason, ultrasonic 
extraction was selected as the simpler and more suitable method for the lipid 
extraction. For the saponification treatment, saponification after extraction was chosen 
as a better method in the analytical procedure as it yields a more diverse lipid 
distribution than saponification before extraction. Furthermore, the former approach 
yields more consistent and reproducible results with a relatively lower standard error. 
For the rest of this work (Chapters 4, 5 and 6), ultrasonic extraction with saponification 
after extraction was used as it was considered ‘fit for purpose’ for robustly and 
reproducibly obtaining lipid profiles from the soils studied. 
 
7.1.2 Analysis of large and complex data sets 
 
The major difference between this study and other similar previous studies is that this 
approach utilizes the whole (GC amenable) lipidome extracted from the soil for the 




lipids available from the soil in an unbiased manner has been adopted. Accurate mass 
GC-QTOF/MS was used in this study which detected thousands of compounds in 
every soil due to its high sensitivity and the amenity of the data to further 
deconvolution. The inevitable production of large data sets requires a certain level of 
processing and treatment to carefully select the most pertinent information. Mass 
Hunter Profinder and Mass Profiler Professional (Agilent Technologies Ltd., Cheadle, 
UK) are the two software platforms used for data processing, filtering and performing 
statistical analyses. These two ‘tools’ constitute the key step to developing a ‘bridge’ 
to link the raw GC/MS data to interpretable statistical data. In this study, the output 
results were presented using PCA and HCA to observe the clustering patterns of 
various sets of soils.  
 
7.1.3 Assessment of lipidomics application to different sets of soils 
 
The first assessment of the developed lipidomic-based method was tested with eight 
different soils (Chapter 4) taken from several land-use contexts including: coniferous 
forest, grassland, woodland, urban park and moorland. The results show soil clustering 
based on different land-use using 123 compounds, of which twenty of them were 
identifiable. A Kruskal-Wallis non-parametric test was performed for the selection of 
the final entities and used to produce the output. PCA and HCA depicts a distinct 
clustering of two coniferous sites whereas the remaining sites tend to show an 
individual site clustering. A seasonal study was also conducted on three sites (Leigh 
Wood, Royal Fort Garden and Brandon Hill) where samples were collected during 
autumn, winter, spring and summer. The results revealed that seasonality does not 
influence the lipid distribution hence the clustering pattern is seen to be based on the 
different sampling location. Therefore, variation of sampling time can still reliably 
provide valid forensic evidence unless the soil has suffered a large amount of 
disturbance or contamination from other extraneous inputs between the crime event 
and the sample collection. 
 
Chapter 5 further refined the lipidomic-based approach on a more local scale where 




from Rothamsted Research, Harpenden, were chosen. These two sites are well 
documented and constrained sites which were suitable for testing the outlined 
hypothesis (H2). Broadbalk and Park Grass are both field experiments that vary in 
their immediate vegetation due to different fertilizer applications. The results show the 
capability of lipidomics to discriminate between selected plots from Broadbalk, based 
on their overlying vegetation, where wooded, grazed, stubbed and winter wheat plots 
are all clustered separately even though each individual plot is situated adjacent to each 
other. Of note was the construction of a prediction model for the Broadbalk site. A 
partial least square-discriminant (PLS-D) model was developed using thirty-three 
compounds to predict the unknown samples tested against the model. Validation of the 
model yields 100% correct prediction of all tested samples. For the Park Grass data 
set, the major clustering was seen to be based on the soil pH. The results show four 
primary clusters in the PCA including an acidic plot (9/2d), slightly acidic plot (7/2d), 
control plots (3a and 3d) and the rest of the samples which had pH values higher than 
6.5 (7/2a, 9/2a, 14/2a 14/2d). 
 
The final chapter (Chapter 6) investigates the potential of lipidomics to determine the 
dominant plant species in peat which has previously been effected using biomarkers 
and macrofossil analysis (Schellekens and Buurman, 2011; Ronkainen et al., 2014). 
This approach shows the capability of lipidomics to discriminate between Sphagnum 
and sedge dominated peats. The separation was visualized using PCA, where complete 
separation of the two samples (sedge and Sphagnum) is observed. A similar 
observation was also seen in a dendrogram which depicts distinct clustering of sedge 
and Sphagnum dominated peat. The application was extended to test the predictive 
power for unknown samples. A PLS-D model was built and the model validation 
yielded 100 % correct prediction of the samples tested.  The performance of this 
technique was tested by introducing more complex binary mixes prepared by mixing 
sedge and Sphagnum in different proportions. The results obtained showed that the 
method can successfully discriminate between different mixtures using PCA. 
Subsequently, a prediction model study yielded only 65 % correct classifications of 
the sample suggesting the need to obtain a higher accuracy model by increasing the 






In this thesis, the capability of lipidomics in addressing the outlined objectives as 
detailed in Section 1.4 has been presented and the application of lipidomics expanded 
to complex environmental samples. The main highlight of this study is the ability to 
discriminate between different and similar soils collected under soils with very similar 
histories of use (Chapter 4 and 5). It is observed that vegetation cover is the crucial 
factor in differentiating between both regional and close proximity soils. It is also 
noted that soil management, such as fertilizer application, influences the soil clustering 
but to a lesser extent, as demonstrated with the Park Grass soils (Chapter 5). Two data 
sets with a higher number of replicates (≥ 5), Broadbalk and Sphagnum and sedge 
dominated peats, were further used to develop partial least square discriminant (PLS-
D) prediction models which showed 100 % correct prediction in the model validation 
step using the leave-one-out method.  
 
7.2 Recommendation for future works 
 
As mentioned earlier in this chapter, lipidomics approaches are still relatively new to 
the environmental and organic geochemistry related sciences. Although many 
communications on lipidomics and related subjects involving biological samples (e.g. 
urine, blood) have been reported in the biomedical field, the analytical workflow is 
also of relevance to the environmental and related sciences, with some modification, 
to meet the nature of samples as well as the number of samples to be included in 
obtaining a meaningful analysis. As lipidomics-based work is highly dependent on the 
experimental design, the following are recommendations that cover experimental 
aspects worth considering in future soil lipidomics-based research: 
 
7.2.1 Sample size and number of replications 
 
A higher number of replicates is crucial in obtaining the ‘true’ reference lipids that 
reflect population variability for any soil studied, hence, helping to generate a more 
accurate predictive model for the classification of an unknown. This work 
demonstrates this with the peat data set (Chapter 6) using nine replicates for both 




sample. It must be noted that much lipidomics work involves biological samples (e.g. 
urine, serum, tissues, etc.) usually requiring up to hundreds or thousands of replicates 
to represent each group (e.g. healthy vs unhealthy). This is possible because of the 
rapid and quicker sample preparation of those sample types prior to the analysis. 
However, environmental samples particularly soil, commonly require longer sample 
preparation protocols, hence, it is impossible to use as many replicates as typically 
used for biological studies as it will lead to impractical longer sample preparation and 
instrumental analyses which can be costly. In addition, soil lipids are relatively ‘more 
stable’ than the metabolites typically monitored in biological samples collected from 
diverse ranges of people which also show higher variability among them due to many 
uncontrollable factors (i.e. the metabolites content in human body may varied depends 
on individual diet, daily activities etc.). Five replicates were previously reported for 
soil analyses conducted in forensic studies (e.g. Cheshire et al., 2017; McCulloch et 
al., 2017, 2018), although a greater number of replicates will increase the accuracy of 
the results. Moreover, an increased number of QC samples, to observe variation at the 
beginning, in the middle and at the end of a long analytical run, is also important for 
evaluating data stability. 
 
This study also suggests that to obtain a more reliable reference soil database for 
forensic investigations, further work can be done to include additional sites to 
represent other types of land-use or types of vegetation in the data set to 
avoid/minimise the chance of misclassification. As has been observed, two sites with 
similar vegetation inputs clustered together although their location was far apart, i.e. 
Chapter 4 where two pine forest sites clustered together in both PCA and HCA driven 
by their known markers, dehydroabietic acid (DHAA) and its oxidation product, 7α-
hydroxy-dehydroabietic acid. Extended investigation could also be conducted with a 
higher number of replicates (> 3) for each site which will potentially pick-up the 
difference between sites due to regional variation alongside the lipid signals derived 
from vegetation. Such work is required prior to any ‘real’ forensic application to ensure 








7.2.2 Classification of binary source and multisource of real peat sample 
 
As the prediction model revealed, one can discriminate between sedge and Sphagnum, 
and to a certain extent, classifying the peat mixtures, however, it would be interesting 
to test this approach with real samples of both ombrothrophic and minerothrophic peat. 
Macrofossil analysis could be included in the work to compare the output. A more 
complex simulation study that includes three or more sources of vegetation might be 
worth exploring to assess the potential of lipidomics to determine/solve multisource 
problems and test against real samples. Therefore, tropical rainforest peat might also 
be included in the study to investigate the clustering between the three types of peats 
together with their discriminant lipids. 
 
7.2.3 Exploring other prediction models for identification of an unknown 
soil 
 
In the future, it would be worth exploring and testing the predictive power of other 
models, such as the Support Vector Machine (SVM), Decision Trees (DT), Naïve 
Bayes (NB) or Neural Networks (NN) which are all available in the MPP software. In 
addition, a nonlinear iterative partial least squares-linear discriminant analysis 
(NIPALS-LDA) model could also be included as it has been previously used with 
success as a model for the discrimination and prediction of soils from different land-
use regimes (Baron et al., 2011). Baron et al. (2011) reported that the PLS-D model 
that was used in the study showed poor performance in multi-class discrimination of 
soil suggesting that it is less suitable for more complex data sets (n ≥ 3) (Baron et al., 
2011). Importantly, this lipidomics approach should also be combined with ANOSIM 
which would complements the soil discrimination results that only offer a visualization 
output. Using ANOSIM, the quantification of similarity between sites could be 
determined, hence providing robust quantifiable evidence which will be critical, 







7.2.4 Other analytical techniques 
 
 
In ‘omics’ studies, LC/MS is another popular chromatographic technique which is 
commonly used. The advantage of this technique over GC/MS is its faster sample 
preparation and wider analytical window making it a popular choice, particularly when 
dealing with large data sets, common to ‘omics’ research. This has resulted in a higher 
number of communications that report on the usage of LC/MS compared to GC/MS in 
‘omics’ research. Furthermore, it is noticeable that many of the data processing 
packages available online are dedicated to LC/MS data thus, a wider range of choice 
would be available for the data processing step. Therefore, LC/MS is suggested and 
worth considering for future work involving more replicate samples due to the 
relatively faster analytical protocol although method development would be needed 
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9.1 Appendix A 
 





9.2 Appendix B 
Aligned chromatogram peaks and mass spectrum of eleven compounds from the 
standard mixture obtained after the deconvolution. 
 
1. Palmitic acid 
 





































































9.3 Appendix C 
 
Photograph of eight sites around Bristol and Southwest England to investigate 
Hypothesis 1 (Chapter 4). 
 
1. Blagdon lake 
 
 














































































4. Moorland, Haytor Vale       













































8. Bellever Forest 







9.4 Appendix D 
 
2D-PCA showing a clustering of eight sites from different background around Bristol 
and Southwest England. Coniferous sites, Bellever Forest (BF) and Forest of Dean 
















9.5 Appendix E 
 
Dendrogram attached with heatmap showing the up-regulation respond of two 
diterpenes, dehydroabietic acid (DHAA) and 7α-hydroxy-dehydroabietic acid in both 











9.6 Appendix F 
 
Dendrograms constructed from separate analysis of individual sites, Leigh Wood, 
Royal Fort Garden and Brandon Hill samples which observed no seasonal pattern in 
















9.7 Appendix G 
 
Treatments applied to each plot/strip in Broadbalk Wheat experiment (Rothamsted 
Research Guide book, 2006). 
Plots/Strips Treatment from 2001 Treatments from 2006 
01 FYM N4 FYM N4 
2.1 FYM N2 FYM N3 (since 2005) 
2.2 FYM FYM 
03 Nil Nil 
05 (P)KMg (P)KMg 
06 N1 (P)KMg N1 (P)KMg 
07 N2 (P)KMg N2 (P)KMg 
08 N3 (P)KMg N3 (P)KMg 
09 N4 (P)KMg N4 (P)KMg 
10 N4    N4 
11 N4 PMg N4 PMg 
12 N1+3+1 (P)K2Mg2 N1+3+1 (P)KMg 
13 N4 PK N4 PK 
14 N4 PK*(Mg*) N4 PK*(Mg*) 
15 N5 (P)KMg N5 (P)KMg 
16 N6 (P)KMg N6 (P)KMg 
17 N1+4+1 PKMg N1+4+1 PKMg   
18 N1+2+1 PKMg N1+2+1 PKMg 
19 N1+1+1 KMg N1+1+1 KMg 










9.8 Appendix H 
 
Species distributions (%) in Park Grass Long-term experiment as recorded in 1998. 
 
1) Plot 3a 
 
 





3) Plot 7a 
 






5) Plot 9/2a 
 







7) Plot 14/2a 
 
8) Plot 14/2d 
 
